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The objective of this research project is to develop an improved and more accurate advanced driver
assistance system (ADAS) in electric vehicles (EVs). An accurate ADAS can reduce the range anxiety
(driver’s fear of being stranded by a depleted EV battery) and can increase the penetration of EVs into the
transportation market that can reduce greenhouse gas emissions, global warming, and air pollution
generated from the vehicles using the conventional internal combustion engines. Improving the accuracy
of the ADAS in EVs is the most practical, economical and efficient method to deal with driver’s range
anxiety.
The development of the proposed improved ADAS includes comprehensive approaches to assess various
factors affecting the accuracy and the reliability of the estimation of the remaining state of charge (SoC)
and the remaining range of the EVs, which include: (i) the route information (the total distance, the speed,
the acceleration, and the elevation), (ii) the environmental conditions (the ambient temperature, the wind
speed and direction, the probability of the rain, and the road surface conditions), (iii) the vehicle
characteristics (the vehicle dynamic weight, the dynamic efficiency of the drive system (EDS), (iv) the
regenerative braking (RB) system efficiency, (iv) the auxiliary loads such as air-conditioning, windscreen
wipers and lights, (iv) the traffic congestion, and (vi) the driver’s behavior in conjunction with the
improvement of SoC.
First, the offline battery power prediction model is introduced to increase the accuracy of SoC estimation,
that considers the dynamic drive system efficiency analysis along with all other factors influencing the SoC
estimation with the help of a big-data collection framework. The prediction model also considers the effect
of the auxiliary loads such as windscreen wipers, air conditioning power, and lighting. To validate the
proposed method, a converted Hyundai Getz was driven along a selected route and the measured EV battery
SoC at the destination is compared with that predicted by the algorithm. The results demonstrate the
excellent accuracy of the proposed prediction model in the SoC estimation and is found to be more accurate
than those from the previously reported methods, with only 0.5% difference between the estimated and
measured value at the destination.
Second, a real-time range indicator model is developed and implemented using an online data extraction
method from various internet resources to estimate accurately the real-time SoC and the remaining range
(RR) for the EV while it is on the road. The proposed real-time range indicator model takes into account:
(i) the dynamic wind speed and wind direction with respect to vehicle position, (ii) the probability of rain
and ambient temperature, (iii) the dynamic effective rolling resistance and terrain adhesion coefficient
(based on the condition of the road surface), (iv) the time domain efficiency analysis of the propulsion
system, (v) the online traffic conditions and auxiliary loads, and (vi) the braking force distribution used in
commercially available EVs. The proposed real-time range indicator system is validated using the measured
data from a 2012 Nissan Leaf driven along a selected route in Australia. The results show that the maximum
SoC error along the route and at the destination are 8% and less than 1%, respectively.
Third, to further develop the proposed advanced ADAS, a state-of-the-art charging recommendation
algorithm for the EV driver based on the developed accurate real-time range indicator model is proposed.
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The charging recommendation algorithm alerts the driver when charging is deemed required along the
selected route. This algorithm determines the nearest charging location based on the level of the estimated
SoC at the destination. The algorithm determines the optimum charging time required by the battery to have
sufficient energy to reach the destination. A graphical user interface (GUI) of the real-time range indicator
system is also designed to show the driver an accurate estimation of the remaining range (RR) to destination
and the current SoC. The results from the simulations of a range of routes validate the proposed algorithm.
Fourth, to avoid using the assumption of a constant battery terminal voltage, an electric circuit-based
approach for the EV battery model is proposed, that is capable of capturing the battery dynamic capacity
rate effects, the SoC tracking, and the I-V performance of the battery. To compare the results, two well-
known and most-cited electric circuit-based battery models are accurately modelled; and the accuracy and
the simplicity of each model are then compared with the proposed model, with the emphasis on the rate
capacity effects for the state of charge tracking and the runtime prediction. To extract the battery parameters
and to verify the results of each battery model, experimental tests have been conducted on four Li-ion
LGHG2 3Ah battery cells connected in series, and the results show the effectiveness of the proposed model.
Finally, two comprehensive models of the ADAS combining all the features introduced previously have
been proposed. The models use two novel real-time mixed SoC estimation algorithms for the EV’s lithium-
ion batteries.
The first mixed estimation algorithm combines: i) an improved Coulomb counting method (CCM) that
takes into account the battery state-of-health, operating temperature, and aging effect, ii) a model-based
method (MBM) that represents a real-time recursive structure of the battery, and iii) a bottom-up based
method (BUBM) that takes into account a variety of the environmental conditions, traffic conditions,
auxiliary loads, and driver’s behavior.
The second mixed estimation algorithm is temporary unavailable due to publication restriction and has
been removed from the thesis. The results demonstrate the improved accuracy of the proposed ADAS for
the SoC estimation using both models compared to those obtained using previous models.
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1 Chapter 1: Introduction
In many countries, greenhouse gas emissions (GHGE), global warming, and the associated climatic
changes along with the world energy crisis, have given rise to the necessity of taking more serious actions
in energy saving and pollution reduction initiatives. The transport sector alone is responsible for almost a
quarter of the total CO2 emissions, 75% of which are emitted by the road transport [1]. Therefore, there is
a need to discover a means of reducing the pollution from the road transport. The use of electric vehicles
(EVs), plug-in hybrid electric vehicles (PHEVs), fuel cell electric vehicles (FCEVs), and new energy
vehicles (NEVs) promises to be great alternatives for internal fuel vehicles that are predicted to reduce the
GHGE of the road transport by 40% [2]. Among all new energy types of vehicles, EVs have become one
of the key alternatives in recent years. Nevertheless, the uptake of the EVs in the transportation market,
which is currently less than 1% of the global fleet, remains distressingly low [3].
The use of EVs as a mainstream transport solution will only be achievable when a variety of barriers that
EVs encounter, such as the high price, the driving range limits, the long recharge time, and the unreliable
batteries operation have been identified and addressed. Among these obstacles, the most pressing barriers
that inhibited the adoption of EVs are the driver’s range anxiety  (the driver’s fear of being stranded by a
depleted EV battery) due to the limited driving range of EVs and the poor performance of the EV ADASs
that do not consider the various factors affecting the accuracy and the reliability of the estimation of the
remaining state of charge (SoC) and the remaining range of the EVs [4], such as elevations in the road and
the environmental conditions. To deal with the driver’s range anxiety, a more accurate SoC estimation in
the battery management system (BMS) needs to be designed and developed. Improving the accuracy of the
SoC estimation also helps to ensure a safe and reliable EV battery operation.
1.1 Background Review
1.1.1 Energy storage technology used in transport Industry
Considering the energy storage technology used in EVs, various batteries with different properties such
as lead-acid battery, Nickel-Zinc battery, Nickel-Cadmium (NiCd) battery, Nickel-metal-hybrid (NiMH)
battery, ZEBRA battery (built by Sodium-Nickel-Chloride (NaNiCL)), Sodium-Sulphur (NaS) battery,
Zinc-air battery, Na-ion battery, Zinc-Bromine flow battery (ZBFB), Vanadium Redox flow battery
(VRFB), Lithium-ion (Li-ion) battery, and Lithium-air battery (research stage) have been introduced to the
transport market [5], [6]. The characteristics of these batteries are summarized as follows.
The lead-acid battery is the cheapest battery; however, it has a very low energy density, making it very
heavy and bulky when used in EVs. Furthermore, the lead-acid battery is not environmentally friendly. The
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Nickel-Zinc battery is heavy and bulky with a short life cycle, and a high maintenance cost. The NiCd
battery is not suitable for high charge/discharge rate and requires a high maintenance cost. The NiMH
battery requires longer time to charge compared to the lead-acid battery and produces a large amount of
heat during charging. The self-discharge rate of the NiMH battery is 50% higher than that from the NiCd
battery. The ZEBRA battery has a high energy density, high temperature characteristics; however, it has a
high self-discharge rate. The Zinc-air battery has a high energy density, but the battery is very bulky and
has a limited cycle life. The Na-ion battery has a better cyclic performance, high capacity, and can reach to
zero charge without damaging the battery. However, it needs a longer time to charge and has a low power
density.
Table 1-1 shows a summary of the properties associated with some of the above-mentioned battery types.
As can be seen, although some batteries have the highest property in one category (e.g. the VRFB has the
highest life cycle), but the Li-ion battery appears to have acceptable properties in most of the categories,
such as, the highest energy and power density, high lifespan, and has no poisonous metal such as lead,
mercury and cadmium. Therefore, the transport industry has mainly focused on using Li-ion batteries in
EVs in recent years [7]. The Lithium-air battery is currently at the research stage and it has very high energy
density and it is anticipated that it will become the target of all EVs in near future [5].














Lead-acid 10 – 400 2.0 1500 50 - 80 105 – 475 60-70
NaS 150 – 240 2.08 5000 140 – 300 263 – 735 90
NaNiCl 150 – 270 2.58 3000 160 – 275 100 – 3945 75-85
NiCd 80 – 600 1.3 2500 60 – 150 300 – 600 100
VRFB 166 1.4 12000-14000 20 – 70 315 – 1050
150-1000
100
ZBFB 100 1.8 10000 75 – 85 525 – 1680 100
Li-ion 1000 –
10000
4.3 1000-10000 200 – 400 200 – 1260 85-90
1.1.1.1 Lithium-ion characteristics
The Li-ion battery is made of positive and negative electrodes (anode and cathode respectively), two
current collectors, and a separator. Figure 1-1 shows the simple reaction model of the Li-ion battery between
the anode and the cathode during charging and discharging. The cathode is normally based on graphite and
the anode has different materials such as Li-Sulphur, Li-Titanite oxide, Li-ion Manganese oxide (LMO),
Li-Iron-Phosphate (LFP), and Li-Nickel-Manganese-Cobalt-oxide (LNMC) [20]–[22]. Each material
provides specific characteristics to the battery. For example, the Li-Titanite oxide has the highest power
density (1000 W/kg), the highest life cycle (more than 10000), and therefore the highest cost (860
US$/kWh) compared to the other chemistries [23].  The electrolyte in the Li-ion batteries are normally
diethyl carbonate or ethylene carbonate. The positive current collectors are made of aluminum, and the
negative current collectors are made of copper. The reversible lithium intercalation reactions of LMO/
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graphite can be expressed as follows:
For charging:
→ + + (1-1)
+ + → (1-2)
For discharging:
+ + → (1-3)













Figure 1-1: Simple reaction model of a Li-ion battery during charging and discharging [24]
1.1.1.2 Lithium-ion battery capital cost
Along with the advancement in the battery technology in terms of its performance and cycle life
especially for Li-ion batteries, the capital cost of the batteries still needs to be reduced as shown in Table
1-1. The ninth battery price survey published by Bloomberg NEF in December 2018 shows that the Li-ion
battery pack price dropped by 85% from 2010 to 2019, reaching an average of $176/kWh as shown in
Figure 1-2 [25]. It is estimated that by 2030, the cost of the Li-ion battery will drop by almost 55%, and the
energy density will be doubled [24].
Figure 1-2: Lithium-ion battery price survey results: volume-weighted average [25]
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1.1.2 State of charge (SoC) estimation methods
SoC, defined as the ratio of the remaining available battery capacity to its maximum attainable capacity,
is the key piece of information which is needed for accurate range estimation [26]. The two main methods
for the SoC estimation described in the literature are: i) the direct measurement method [27] ii) the indirect
measurement method [28]. The direct measurement method measures the SoC from the chemical and
physical characteristics of the battery. This method requires costly devices for measurements and in some
cases, it is impossible to have access to the materials inside the battery such as the specific gravity tests,
acid stratification monitoring, laser interferometry, and electrochemical noise monitoring techniques  while
the EV is moving [29].
The indirect measurement method, however, uses accessible variables of the battery such as the voltage,
the current, and the temperature to estimate the SoC. The indirect measurement method usually utilizes the
offline model (accurate but time consuming, expensive and requires battery performance interruption) or
the online model (economic and dynamic, but needs historical data and large computation) [30]. Various
offline models have been proposed in the literature such as the estimation of the internal resistance or the
DC resistance (IR) [31], the electromotive force (EMF) [32], the impedance spectroscopy (IS) [33], [34],
and the open circuit voltage (OCV) [35]. For the EVs SoC estimation, it is impossible to use the offline
models. Therefore, many efforts have been devoted so far to improve the online SoC estimation methods.
The following Section summarizes the online SoC estimation methods.
1.1.3 The online SoC estimation methods
The online SoC estimation methods can be categorized into the Coulomb counting (CC) method, the data
driven techniques, the model-based methods (MBMs), and the mixed estimation methods. In some research
studies, the traditional online SoC estimation methods have been classified into two main methods: the
direct methods and the indirect methods [36]. Using this classification, the CC method can be categorized
as a direct estimation method and the data driven techniques, the MBMs, and the mixed estimation methods,
can be classified as the indirect estimation methods.
1.1.3.1 Coulomb counting method
The most common direct method is the Coulomb counting (CC) method which indicates the SoC of the
battery by simply using the online current integration during charging and discharging [37]. In the
traditional CC method, the battery SoC can be estimated using the following mathematical expression:
( ) = −
1
( . ( )− ) (1-5)
where, SoC0 is  the  initial  battery  SoC, Ibat is the instantaneous battery cell current during charging and
discharging, η is the Columbic efficiency, Sd is the self-discharge rate, and Q is the nominal capacity.
As can be seen from (1-5), the implementation of the CC method does not require heavy computational
calculation. However, any inaccuracy in the initial SoC value and the accumulated integration error from
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the battery sensors can creep in to produce a noticeable error in the SoC estimation [37], [38]. This method
works well when the initial value of SoC is known.
1.1.3.2 Data driven techniques
Many research studies have proposed various data driven techniques for SoC estimation in EVs such as
Genetic Algorithm (GA) [39]–[42], Support Vector machine (SVM) [43]–[45], Artificial Neural Networks
(ANN) [46]–[48], Particle Swarm Optimization (PSO) [49], [50], and Fuzzy Logic (FL) [51]–[53]. The GA
is very accurate and robust specially in noisy environment. However, the high computational cost, the delay
in response time, the parameter tuning requirement, and the high storage size requirement are the demerits
of the model. The SVM performs well for nonlinear and high dimensional models but again it is a complex
and time intensive model. The ANN is very accurate and is the most suitable data driven technique for the
SoC estimation in EV application; however, the modelling is strongly dependent on the predefined
parameters, where improper settings may result in an enormous error. The PSO method is not as accurate
as the previous models and similar to ANN, it requires data tuning. The objective function of the PSO model
can be revised to include local optima, but it may increase the computational complexity which requires to
have a high storage size. Finally, the FL method has an acceptable accuracy for SoC estimation under
different charging/discharging current and temperature conditions; however, the model is complex, require
high storage size and expensive in terms of data processing.
1.1.3.3 Model-based methods (MBMs)
The MBMs consist of a battery equivalent circuit (BEC) of a Li-ion battery and a filtering algorithm. The
accuracy of the MBMs strongly dependent on the BEC model.  The appropriate selection of the BEC model
is a challenging task because it has to represent the non-linear phenomena of the batteries such as (i) the
capacity fading, where the amount of charge a battery can deliver at the rated voltage decreases with
increasing charge/discharge cycle, (ii) the self-discharge, (iii) the temperature and hysteresis effect, (iv) the
recovery effect, where the available energy is less than the difference between the energy charged and the
energy consumed, and (v) the charging rate of the battery, where a higher charging rate will produce a lower
capacity reading and vice versa [54].
The BEC simulates the behavior of the battery using different combination of voltage source, resistors
and capacitors. The main objective of these models is to obtain a precise SoC estimation. Different types
of battery models (such as the Thevenin model (first order RC network) and the n-RC model), and the
advantages and the disadvantages of each model are fully discussed in [37]. The Thevenin model includes
a nonlinear voltage source, Voc (as a function of SoC), a parallel capacitor and a resistor branch to model
the electrochemical polarization effects and the series internal resistance. Another model, which adds a
capacitor in series with the voltage source, is presented in another research work that represents the capacity
of store charge of the battery [55]. The capacitor simulates the changes in the voltage source over time.
Figure 1-3 shows the n-RC model for the Li-ion batteries. A comparison among the Thevenin model, 2-RC
model, and 3-RC model is discussed in [56]. It is demonstrated that the tracking error of the 3-RC model is
a bit higher than the 2-RC model and at the same time it has a higher computational complexity. Therefore,
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the 3-RC model is not suitable for EV application. The Thevenin model, however, has an acceptable










Figure 1-3: The n-RC battery equivalent circuit (BEC) model for a Li-ion battery
The filtering algorithms in conjunction with BEC have been used significantly in recent years and can
be classified into observer-based methods (OBM), adaptive filters (AF), and the recursive least square
(RLS) methods. Figure 1-4 shows the principle of the MBMs for SoC estimation. As shown, the measured
voltage, current, and temperature of the Li-ion battery are used along with the battery model to estimate the
error signal (difference between the measured and estimated terminal voltage).  The error signal will then










Figure 1-4: The principle of the MBM for SoC estimation
The OBM includes the Non-Linear Observer (NLO) [57]–[59], Sliding Model Observer (SMO) [59]–
[61], Proportional Integral Observer (PIO) [62]–[64], and Lunberger Observer (LO) [65]–[67]. The NLO
has an acceptable convergence speed along with less complexity and great accuracy while, the SMO mostly
focus on the tracking capability to ensure the stability and robustness. However, both methods require a
suitable gain for high accuracy. The PIO and the LO methods provide great accuracy for cases where, the
initial SoC is unknown and current sensor is not accurate (includes noise). However, the PIO accuracy is
strongly dependent on the controller design. In LO method, the selection of appropriate gain for the observer
is extremely difficult.
 The use of particle filter [68], [69], H Infinity Filter (H∞F) [70], [71], Kalman filter (KF) [72], [73], and
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Extended Kalman filter (EKF) [74], [75] is the recent examples of the AFs. The accuracy of the SoC in
using these filters is strongly dependent on the equivalent circuit parameters. Furthermore, the aging and
special working conditions may reduce the accuracy of the algorithms. To solve the issues, the adaptive
unscented Kalman filter (UKF), the dual extended Kalman filter (DEKF), and the joint extended Kalman
filter (JEKF) are employed in the battery model parameters estimation to provide the possibility of updating
the model over time [76]–[78]. However, due to the limited computational capabilities of the vehicular
onboard units (OBUs), many of these methods are not suitable for the EV application. Furthermore, quite
a large number of laboratory experimental analysis are required to obtain sensitivity and variation of the
parameters which are time intensive.
1.1.3.4 Mixed estimation methods
The mixed estimation methods use different combinations of the previously introduced models to yield
the capability of using the best characteristics of each model for better and more accurate SoC estimation.
The RLS method has been merged with H∞F to accurately identify the battery parameters [71], [87]. The
H∞F  model  has  also  been  combined  with  ANN,  GAs,  and  UKFs  to  improve  the  accuracy  of  the  SoC
estimation [88]–[90]. In other models, the KF has been combined with CC, OCV, ANN, and GA [73], [91],
[92]. These methods provide great accuracy for SoC estimations. Despite the accuracy, the complexity of
the mixed models is relatively high.
In addition to the selection of appropriate algorithms used for SoC estimation, real-time data such as
environmental conditions [93], [94], traffic congestion [95], [96], drivers’ behaviors [93], [95], [97], and
dynamic efficiency analysis of the EV drive system [98], [99] play significant role in the accuracy of the
SoC estimation. This will become very important when the real-time tests need to be conducted by driving
EVs along the selected route. In this case, to have an accurate SoC estimation, the route should be known
beforehand. The research studies referenced above have taken into account some of the factors such as
environmental conditions and drivers’ behaviour. However, many assumptions have been made in their
algorithms which may result in over/under SoC estimation such as ignoring the elevation of the route or
traffic congestion. Furthermore, the methods used in these studies were based on offline data and the battery
models used in these algorithms were inaccurate. Therefore, to implement the SoC estimation model in an
actual EV, it is necessary to have accurate battery modelling, efficient real-time SoC estimation method
and effective data collector system that has the ability to collect all the necessary data from various internet
sources wirelessly to estimate the SoC at destination and hence the range to destination at any particular
instant.
1.2 Motivation for EV Research
Emission and carbon foot-print due to conventional transportation are the driving force to have low
carbon or zero emission vehicles. Furthermore, significant increase of diesel and petrol prices, shortage of
oil and petroleum in the future, cutting down of green-house gasses may be the other factors that are driving
to have electric vehicles. Therefore, as EVs are increasing in popularity, correct estimation of SoC ensures
not only driver comfort by reducing range anxiety but also driver safety, since the controllability of the
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battery management system in EVs can be improved such that over-charging or over-discharging can be
avoided.
From the literature, it appears that most research works concentrate on the SoC estimation without
considering external parameters in real-time, such as the traveling factors (the total distance, the speed, the
acceleration, and the elevation), the environmental factors  (the ambient temperature, the wind speed and
direction, the probability of the rain, and the road surface conditions), the vehicle factors (the vehicle
dynamic  weight,  the  dynamic  efficiency  of  the  drive  system  (EDS),  the  RB  system  efficiency,  and  the
auxiliary loads including air-conditioning, windscreen wipers and lights), the traffic congestion factor, and
the driver’s behavior factor, which are the most significant concern of EV drivers. This is mainly due to the
fact that most ADAS in EVs are not linked to a Global Positioning System (GPS), where the starting and
ending points are known and from which the travelling factors (the total distance, the speed, the
acceleration, and the elevation) can be obtained. Further, most of the ADASs in EVs are not connected to
weather information center to obtain the necessary environmental factor.  So, there is a need to develop a
new ADAS system for the EVs, where the effects of different conditions mentioned above can be included
in the evaluation of the SoC and RR states at each instant of time. The motivation behind this research work
can be addressed in three aspects as discussed below.
First, tests by driving a commercially available EV (Nissan Leaf 2012 model) have been conducted [100],
to demonstrate the need of an accurate range estimation model in today’s EVs. In the test, the Distance to
Empty (DTE) displayed on the dashboard was recorded with respect to time at the beginning and the end
of each drive path. The drive paths were chosen such that they include various driving surfaces. The results
demonstrate that the DTE indicator is unreliable. Furthermore, even in commercially available EVs, the
algorithm, used to calculate the displayed distance until recharge, is clearly not an accurate method of
estimating the remaining range (RR) until next recharge. In addition, even when the GPS is used to select
the destination, it is not possible to have an accurate estimation of the RR to reach the selected destination.
The proposed range indicator model should always update the driver with the estimated value of the range
to reach the destination along the route (not just the DTE) and it should be accurate.
Second, some commercially available communication applications have also been developed for newer
EVs by car manufacturers, such as the BMW i-Remote App [101] and Nissan Leaf EV using NissanConnect
[102], or by private companies such as Leaf Spy Pro [103] (specifically designed for Nissan Leaf) for
monitoring EVs vital parameters and recording driving history. All these applications are user-friendly, and
they claim to be able to provide real-time monitoring and measurement of the battery SoC, SoH, and battery
cell temperature. However, more research still needs to be done to improve the communication system
between the driver and the BMS. Furthermore, these systems do not consider environmental conditions and
behavioral factor in their SoC/range estimation.
Third, in most research works in the literature, it is assumed that all the braking kinetic energy can be
regenerated from the RB system and returned to the batteries of the EV, whilst only a fraction of the RB
energy can be obtained, and the rest will be dissipated as heat. In other works, the RB capability of EVs is
often approximated by a constant regeneration factor or speed-dependent or deceleration-dependent RB
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factor for the estimation the RB efficiency; however, the electric motor efficiency is usually considered
constant throughout the journey. Despite the numerous research efforts that have been reported so far, no
research work has been published addressing the real interaction between the braking and the RR to
destination. The approach in this thesis is to include all the missing features in the previous studies in one
platform to improve the real-time range indicator system. The final mixed model can reduce the range
anxiety, improve the reliability of the ADAS, and increase the acceptance of EVs into the transportation
markets.
1.3 Research Objectives and Contributions
In this thesis, the main objective is to improve ADAS to implement a real-time tracking, monitoring,
and prediction system in order to accurately estimate the EV SoC.
To satisfy the main objective of this thesis, the following contributions have been made;
I. Development and implementation of an accurate SoC estimation model that considers changing
environmental conditions and traction system efficiency:
The thesis proposes an improved offline method for the SoC estimation by considering location-
dependent environmental conditions. A mathematical solution to describe the changes in the drive system
efficiency with respect to speed and traction power has been established. Furthermore, a big-data collection
algorithm (BDCA) capable of collecting external factors such as the speed limit, the elevation profile, the
charge/discharge history of the battery, the average energy consumption of the EV, the weather conditions,
and the traffic conditions has been introduced. The presented approach is practical and easy to implement.
II. Development and implementation of a real-time range indicator for EVs using web-based
environmental data and sensorless estimation of regenerative braking power:
A real-time range indicator system (during experimental test) has been developed and implemented
using the online environmental data from various internet resources to estimate accurately the real-time
SoC and the RR for the EV while it is on the road. The proposed algorithm considers the EV speed, the EV
axles’ limit, the time domain efficiency analysis of the propulsion system, the battery SoC, the maximum
torque limitation of the EV motor, the available RB power, the route condition, and the environmental
conditions.
III. Development and implementation of an intelligent driver alerting system for a real-time range
indicator embedded in EVs:
An intelligent driver alerting system capable of using the real-time range indicator system to alert the
driver when charging is proposed. This algorithm determines the nearest charging location obtained using
GPS based on an accurate estimation of SoC at the destination. Furthermore, the proposed algorithm
determines the optimum charging time required by the battery (rather than having to do full charging which
can take hours) to have sufficient energy to reach the destination. Therefore, the long recharging time issue
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in EVs can be satisfied. A graphical user interface (GUI) window of the real-time range indicator system is
also presented to show the driver an accurate estimation of the RR to destination and the current SoC.
IV. Development and implementation of an electric circuit-based EV battery model for runtime
prediction and SoC tracking:
An electric circuit-based approach for an EV battery model capable of capturing the dynamic capacity
rate effects for the runtime prediction, the SoC tracking, and the I-V performance of the battery is proposed.
The limited computing capability of vehicular OBU is considered in the proposed battery model and a
compromise between a simplicity and accuracy has been made in the proposed battery model.
V. Development and implementation of a real-time state-of-charge tracking that is embedded in the
advanced driver assistance system of the EVs:
Two new mixed SoC estimation algorithms are proposed that can provide an add-on feature in the current
advanced driver assistance system (ADAS) of the EV. These have been combined all the previous features
obtained from I to IV.
As evident from the contributions, in this thesis the efforts have been made to develop an ADAS for the
EVs to reduce the range anxiety, improve the drivers’ safety, and therefore, improve the uptake of EVs into
the transportation market.
1.4 Thesis Outline
The thesis structure has been outlined as follows:
Chapter 1 provides a background of the problems that has been particularly focused in this thesis and
identifies the objectives and specific contributions in the context of the problems.
Chapter 2 presents an accurate SoC model for EVs. The net battery energy usage was estimated, taking
into account the dynamic losses and the efficiency of the traction system along the specified route and the
environmental and behavioral factors. The proposed SoC calculation also considers auxiliary loads, such
as windscreen wipers, air conditioning power, and lighting.
In Chapter 3, a real-time range indicator system is proposed and demonstrated, which considers
dynamically varying environmental conditions. A new strategy is used to collect all the necessary data from
different sources in real-time via the internet, which are then used as inputs in the range indicator model
along with the accurate and sensorless estimation of RB power. For the efficiency analysis, both
synchronous machines and induction machines, as used in most commercially available EVs are considered.
Finally, the proposed real-time range indicator model is tested to calculate the SoC and RR when driven
along a route.
In Chapter 4, an intelligent recharge alerting system using the proposed real-time range indicator system
in Chapter 3 is introduced. The intelligent algorithm and a proposed GUI device are used in this model to
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alert the driver the need to recharge once the SoC level drops below a certain threshold. The charging
recommendation algorithm can show the nearest charging locations with their names, addresses and GPS
coordinates. This algorithm also calculates the minimum charging time required at the charging station to
reach the destination.
In  Chapter  5,  an  electric  circuit-based  approach  for  an  EV  battery  model  is  proposed  to  predict  the
runtime and the SoC tracking, using look-up tables. The simulation results obtained using the proposed
model are compared with the experimental results of the four Li-ion LGHG2 3Ah battery cells connected
in series, and the proposed model is found to be effective. The results are further compared with those from
two well-known electric circuit-based battery models available in literature.
Chapter 6 proposes a real-time mixed SoC estimation algorithm, which is a mixture of an improved
Coulomb counting method (CCM), a MBM, and a bottom-up based method (BUBM), for implementation
as an ADAS of the EVs. The BUBM can predict the battery power considering external parameters
introduced in Chapter 2 to 4. Subsequently, the CCM and the MBM are used to predict the battery current,
the battery voltage, and finally the battery SoC in real-time, considering internal factors introduced in
Chapter 5, such as the irregular charge/discharge cycles, the degradation conditions, the battery
temperature, and the battery SoH. Two experimental tests including the laboratory test and the field test
have been conducted to verify the effectiveness and the accuracy of the model.
Chapter 7 is temporary unavailable due to publication restriction and has been removed from the thesis.
Chapter 8 presents the Conclusion of the thesis with some recommendations for possible future research
works.
1.5 Summary
In this chapter, the motivations of conducting EVs research studies to improve the penetration of zero
emissions vehicles in the transportation market and the current barriers that EVs encounter have been
identified. Furthermore, the research background, research objectives, and the contribution of the thesis
have been discussed in detail. In the next chapter, the implementation of an accurate SoC estimation model
that considers changing environmental conditions and traction system efficiency will be provided.
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2 Chapter 2: Accurate SoC Estimation Model Including
Changing Environmental Conditions and Traction System
Efficiency
2.1 Foreword
Range anxiety is an obstacle to the acceptance of EVs, caused by drivers’ uncertainty regarding their
vehicles SoC and the energy required to reach their destination. Most of the estimation methods for these
variables use simplified models with many assumptions that can result in significant error, particularly if
dynamic and environmental conditions are not considered. For instance, the combined efficiency of the
inverter drive and electric motor varies throughout the route and is not constant as assumed in most SoC
estimation methods. This chapter proposes an improved method for SoC estimation by taking into account
location-dependent environmental conditions and time-varying drive system losses. To validate the method,
an EV was driven along a selected route and the measured EV battery SoC at the destination was compared
with that predicted by the algorithm. The results demonstrated excellent accuracy in the SoC estimation,
which should help alleviate range anxiety.
2.2 Nomenclature
A Frontal area of the vehicle (m2).
a Vehicle acceleration (nominal acceleration).
B Damping coefficient (kg.m2/s).
Cd Aerodynamic drag coefficient.
Cos(θ) Motor power factor.
Cr Rolling resistance coefficient.
Cr-dry Rolling resistance coefficient on dry road.
Cr-effective Effective rolling resistance.
Cr-wet Rolling resistance coefficient on wet road.
dirEV direction (degrees).
dirwind Wind direction (degrees)
dIf/dt The rate of fall forward current (A/sec).
ETraffic Energy lost to start and stop traffic (J).
Faero Force due to drag (N).
frated Rated frequency (Hz).
fsw Frequency switching (Hz).
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g Acceleration due to gravity (m/s2).
hi Elevation of point i along a route (m).
IDiode Diode current (A).
IQ Switch current (A).
IQ,avg Switch average current (A).
IQ,rms Switch RMS current (A).
Ir Rotor current (A).
Is Stator current (A).
J Moment of inertia (kg.m2).
Ke Eddy current loss coefficient.
Frolling Force due to rolling resistance (N).
Lsegment Route segment length (m).
M Modulation index.
m Electric Vehicle mass (kg).
P Poles number.
Pcool Cooling power per degree (W/°C).
Pcu-achieved Achieved copper loss (W).
Pcu-rated Rated copper loss (W).
Pdrag Power due to drag (W).
Pe-rated Rated eddy current loss (W).
Pfe-achieved Achieved core loss (W).
Pfe-rated Rated core loss (W).
Ph Hysteresis loss (W).
Ph-rated Rated hysteresis loss (W).
Pheat Heating power per degree (W/°C).
Pinverte Total inverter loss (W).
Plight Power draw of all lighting loads (W).
Pmax Maximum power of the motor (W).
trr Reverse recovery time (s).
tsegment Duration of a route segment (s).
v0 Vehicle speed at the start of a route segment (m/s).
VBattery Battery pack voltage (V).
VDiode Diode voltage (V).
VCE Constant voltage drops of the switch (V).
VQ Switch voltage (V).
VR RMS reverse voltage (V).
vrel Relative speed (m/s).
Waero Aerodynamic work (J).
kh Hysteresis loss coefficient.
Prolling Power due to rolling resistance (W).
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PTB Traction power seen from the battery side (W).
Pwiper Power required to run windscreen wipers (W).
Pwiping Power user for windscreen wipers (W).
QA Present value of cumulative moving average of corrected battery capacity (Ah).
Qc Corrected battery capacity (Ah).
QR Rated capacity (Ah).
RDiode,on Diode on-resistance (Ω).
RCE,on switch on-resistance (Ω).
S Snap factor.
SoC State of charge (%).
SoC(t0) Initial State of charge (%).
SoH State of health (%).
Tair Temperature of outside air (°C).
Tcabin Temperature set point of cabin climate control (°C).
Toff,sw Turn off fall time (s).
Ton,sw Turn on Rise time (s).
tsegment Segment time (s).
Waero Aerodynamic work (J).
Wrolling Rolling resistance work (J).
ws Wind speed (m/sec).
α Road angle of incline (degree).
λc Capacity correction factor due to charge or discharge rate.
λT Capacity correction factor due to the cell temperature.
ρair Density of air (kg/m).
λSoH The current state of health of the cell.
ηTS Transmission system efficiency (%).
ηmotor Efficiency of the motor during normal mode (%).
ηregen Efficiency of the motor during RB (%).
ΔEk Kinetic energy change (J).
ΔEP Potential energy change (J).
2.3 Background
EVs are the most promising technologies for providing energy security and pollution reduction. One of
the main obstacles for the acceptance of EVs is the range anxiety. Range anxiety is a driver’s fear of being
stranded by a depleted EV battery. From buyers’ perspective, the uncertainty of the amount of remaining
battery capacity to reach the destination remains uneasy thought [93]. Therefore, increased uptake of EVs
will be facilitated by accurate estimation of the remaining EV battery SoC and the vehicles range relative
to the destination. To achieve this, accurate SoC and range estimation methods need to be developed to
provide an accurate estimation of the amount of energy available from the battery at each instant in time.
The improved methods should take into account location and time-dependent variables, including the
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varying efficiency of each component of the EV and the varying environmental conditions and driver
behaviors during the planned travel.
 In most research works, many assumptions were made in the energy estimations and datasheets, or
simple theoretical models of the traction motor for losses and efficiency calculation were used [96], [104]–
[106].  For example, Vaz et al. [106] assumed that the road is flat without any slopes, stop signs, or traffic
congestion, resulting in overestimated range. Shankar et al. [96] reported on a framework for energy
consumption prediction of EVs over a route under real-world driving conditions (considering traffic type
and congestion). The accuracy of the prediction of the proposed method varied between 20-30% and 70-
80% [96]. Prins et al. [105] disregarded the RB system for energy estimation model in EVs and used a
simple vehicle efficiency data which is predicted by the motor manufacturer. The authors claimed that only
an 8% difference exists between the total measured required energy, compared to the predicted values [105].
Tannahill et al. [93] reported means of reducing range anxiety in EVs by taking into account a variety of
environmental and behavioral factors. The results show that the predicted result is much closer to the
measurement result compared to those using simplified models. However, the authors made use of the data
from the motor manufacturer to determine the losses and efficiency for the motor and motor drive converter,
rather than calculating it using the dynamic model of the motor. Further, the authors assume that these
values are constant throughout the driving period.
In this chapter, it is proposed to improve the work for SoC and range estimation reported in [93] by
taking into account location-dependent environmental conditions and dynamic drive system losses. The
results from a validation drive have demonstrated the great accuracy in the SoC and range estimation.
2.4 Energy Estimation of EV Over a Given Route
Most reported works used manufacturer’s data sheets for evaluating the efficiency of the motor and the
motor drive converter [93], [96], [104] and they are assumed to be constant throughout the route. This might
not be a valid assumption, particularly when dynamically changing environmental and behavioral factors
are considered. A more accurate estimation of these values needs to be evaluated in the time domain
simulation of the drive system and this requires an understanding of the EV architecture to evaluate the
energy usage of each component of the architecture.
A simple model of the EV architecture has four main elements: energy storage system, transmission
system, electric motor and power electronics converter [107]. The energy storage unit can be charged from
the grid and also through the RB system. To accurately evaluate the SoC and hence the remaining distance
to  destination,  the  amount  of  the  energy required  from the  battery  at  every  instance  of  time needs  to  be
evaluated. The required energy can be calculated from traction (wheel) power, the transmission gear ratio
and efficiency, and the losses in the drive system. The effect of traffic and accessory power also need to be
taken into account. An outline of the procedures to estimate the energy and power drawn from the battery
at each instant of time, based on the EV architecture shown in Figure 2-1 during the driving, taking into
account the environmental conditions and efficiency modelling is shown in Figure 2-2.
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Figure 2-1: Schematic view of a simple EV
Figure 2-2: Overview of the whole procedure for range estimation
Figure 2-2 shows that to calculate the required energy from the battery, the traction power for a given
route needs to be calculated first and it is the sum of the vehicle potential and kinetic energy change, the
aerodynamic, and the rolling resistance work. Each of these components is highly dependent on a variety
of environmental and behavioral factors. From the traction power, the EV motor output power can be
calculated based on the transmission gear ratio and efficiency. Finally, the battery current required by the
EV is dependent on the drive system efficiencies, the traffic conditions and the accessory power losses.
The SoC of the EV battery and the vehicle range to destination at each instant of time can be estimated
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from the battery current required by the EV, the battery voltage, the initial SoC, the battery temperature,
the capacity and the efficiency. The proposed SoC estimation takes into account the changes in
environmental factors and the dynamic changes of the losses in the EV components.
2.5 Traction Power Estimation
The wheel traction power, Pt (W), can be calculated based on the inertial and external forces acting on




From (2-1), the wheel traction power is the combination of the protentional energy change required to
overcome the elevation profile of the route, the kinetic energy change required to overcome the vehicle
acceleration/deceleration requests, the aerodynamic work required to overcome the wind, and rolling
resistance work between the wheels and road surface over time. The following subsections describe in detail
the methods for estimating inertial and external forces power estimation.
2.5.1 Driving route
To evaluate the traction power, the specific driving route must first be selected and is presented as a
series of points (route segment). The parameters for each route point such as latitude, longitude, speed limit,
and elevation can be extracted from Google Maps, from which the length between two points can be
calculated.
2.5.2 Vehicle speed and time duration for each segment
The speed of the vehicle is calculated based on the speed limit for each segment and the assumed nominal
acceleration. This assumption is chosen based on the driver’s behavior for acceleration rate and the
capability of the EV for acceleration. The predicted speed at the end of each route segment can be calculated
by considering constant acceleration for that specific route segment using (2-2).
= + 2 (2-2)
Since the length of each route segment from Google Maps is usually quite small, using constant
acceleration for each route segment based on the capability of the EV and driver’s behavior as well as the
speed limitation produces negligible error. The segment time calculation is determined by dividing the
segment length over the predicted EV speed up to the speed limit for each segment.
2.5.3 Potential energy change
 For each route segment, the change in elevation can be calculated from the latitudes, longitudes and
elevations for the starting and ending points of each segment. The potential energy change due to this
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change of elevation can be calculated by (2-3).
= (ℎ − ℎ ) (2-3)
The traction power due to gravity, Pgravity (W), can be calculated using (2-4). The positive and negative
values denote uphill and downhill road respectively.
= (2-4)
2.5.4 Kinetic energy change
 The kinetic energy for a specific segment can be calculated from the speed variation in the segment as
follows:
= 0.5 ( − ) (2-5)
The traction power due to acceleration/deceleration, Pk (W), can be calculated using (2-6).
= (2-6)
2.5.5 Aerodynamic work
The aerodynamic shape of the EV directly affects the power due to drag. In addition, wind speed and the
direction of the wind are the crucial factors for calculating the actual speed due to drag. For precise
calculation, the relative speed i.e. the effects of the wind speed and wind direction on vehicle speed need






= + ( × ( − )) (2-8)





To consider the direction of the EV, in each segment, the course of the vehicle is considered. These
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calculations are not usually considered in the reported research works.
2.5.6 Rolling resistance work
The rolling resistance power can be calculated based on the rolling resistance coefficient of the tyres,
which can be affected by three main parameters: 1) tyre pressure 2) road surface characteristics 3) tread
conditions [105]. The tyre pressure is assumed to be constant along the route and the tread condition is
negligible. However, the road surface characteristics have the most impact on the rolling resistance. It has
been discovered that the rolling resistance will increase by up to 10% in comparison with the same road on
a dry condition [93]. The rolling resistance work, Prolling (W), considering road surface characteristics can
be calculated using (2-10) to (2-13).
= (2-10)
= + × − (2-11)
= (2-12)
= (2-13)
In (2-11), the Cr-effective is calculated from Cr-dry plus the probability of rain times the difference between
Cr-wet and Cr-dry (which is assumed to be 10%). The probability of rain for each segment can be derived from
the weather forecast websites. In this way, there is a continuum of change in effective rolling resistance
coefficient value of Cr-effective.
2.6 Drive System Estimation
Once the traction power is calculated by the addition of the vehicle potential and kinetic energy change,
the aerodynamic, and the rolling resistance work, the traction power needs to be converted to the output




60 × 1.1 (2-14)













Due to the limited information on the transmission system for the actual EV used for the validation, the
efficiency of the transmission system is considered to be 95% based on the information provided by [107].
The vehicle speed, Wt (rad/s), and the shaft speed, WL (rad/s), of EV can be calculated using (2-17) and
(2-18).




The electromagnetic torque at point i+1 on the road, Telectromagnetic,i+1 (Nm), based on the torque load, shaft
speed and the nominal parameters of the motor can be calculated using (2-19).
, =
, − , + × , + ,   (2-19)
Where, J is the moment of inertia (kg.m2), WL,i+1 is the shaft speed  at (i+1)th point along a route (rad/s), B
is the damping coefficient (kg.m2/s), TL,i+1 is the torque load at (i+1)th  point along a route (Nm).
The output power of the motor at point i+1 on the road, Pelectromagnetic,i+1 (W), is the electromagnetic power
as shown in (21).
, = , × ,   (2-20)
2.6.1 Modelling induction motor losses
In this chapter, due to the popularity of using induction motor in the commercially available EVs, the
losses in induction motor have been modelled in detail.  Furthermore, the available EV for the experimental
test purposes (i.e. converted Hyundai Getz) is equipped with induction motor. Therefore, this section
provides loss model of induction motors. The losses in all induction motors are mainly due to stator copper
loss, rotor copper loss, core loss, stray loss and friction losses [98], [111], [112]. In [98] especially for
efficiency computations of induction motors, only copper and core losses are modelled, because they are
considered to be the main electrical losses in the induction motor.
Since the copper loss is a function of rotor and stator losses and core loss is proportional to the air gap
voltage, the rated losses in induction motor can be calculated for a specific set of steady state parameters of
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the motor [113], [114]. At any instant of time, the motor can operate in two regions: (i) constant torque
region, when the motor is operating below its rated speed, and (ii) constant power region, when the motor
is operating above its rated speed.
2.6.1.1 Constant torque region
By controlling V/f, the flux in the three-phase induction motor can be kept constant in the air gap; as
long as the speed of the motor is below the rated speed of the motor. Once the speed is above the rated
speed, the flux will not be constant anymore. In this constant toque region, the motor can produce torque
up to its rated value and the motor experiences constant flux. The current can be assumed to be proportional
to the output torque (assuming that the power factor is constant), and the instantaneous copper loss at
different points of driving cycle, Pcu-achieved (W), can be calculated as follows:
ℎ =   (2-21)
= 3 + 3   (2-22)
In the constant torque region, the flux to a large extent can be assumed constant. Based on Steinmetz
expression [115], the eddy current loss is proportional to the square of the flux and the frequency but the
flux in this region is constant. Thus, the eddy current loss is only proportional to the square of the frequency.
The same situation can be applied for the hysteresis loss calculation. Since the frequency is proportional to
the motor speed, the total core loss, Pfe-achieved (W), in this region can be expressed as follows:
ℎ = + ℎ   (2-23)
= + ℎ   (2-24)
2.6.1.2 Constant power region
In this region, the motor speed is operating above its rated speed and the power and the voltage of the
motor are above their rated values. The stator frequency of the motor is also increased to the value above
its rated value causing V/f to be reduced and the flux declines based on the instantaneous operating speed.
Using this assumption, the copper loss in the constant power region becomes:
ℎ =   (2-25)
For core loss calculation, in the stator or rotor core of the motor, the flux varies inversely with respect to
the frequency, so Flux times frequency will be constant. Therefore, the eddy current loss in this region is
kept constant and the hysteresis loss can be shown to be proportional to the power of 1.6 of the frequency
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and is expressed as below [111]:
ℎ = +
.
ℎ   (2-26)
2.6.2 Modelling inverter losses
A standard six-switch three-phase bridge inverter is considered for the calculation of the losses and
efficiency of the power converter of the electric traction motor drive. The major losses for each switching
component are the conduction losses and the switching losses [98], [116]. The conduction losses are load
dependent and will vary according to the stator current of the motor. The switching loss is constant for the
diode and the output power has no effect on the diode switching losses. The switching losses in the switch,
however, are load-dependent with respect to the voltage and current.
2.6.2.1 Loss modelling in the switch
 The conduction, Pcond,Q (W), and switching, Psw,Q (W),  losses  of  the  MOSFET  or  IGBT  switch  are
elaborated below [117]–[119]
= , + ,   (2-27)
=
×
, = , + , ,   (2-28)
It is assumed that the inverter controller is controlled using the pulse-width modulation type. Hence, for




( ) , +
1
2 + 8
( )   (2-29)
The switching losses in the switch are dependent on the switch voltage, VQ (V), the stator current of the
motor, the turn-on rise-time, ton,sw (s), and the turn-off fall-time, toff,sw (s), of the switch and the switching
frequency fsw (Hz). The average switching losses in the switch can be calculated as follows [116], [119]:
, = 2 , + ,
  (2-30)
2.6.2.2 Loss modelling in the diode
The duty cycle of the anti-parallel diode is different from the duty cycle of the switch since when the
switch is off in a lagging circuit, the flow of current in diode is positive until the current reaches zero and
consequently the diode will be still on when the switch is off. The conduction loss in diode, Pcond,Diode (W),
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( ) , +
1
2 − 8
( )   (2-31)
Besides the conduction loss, the prominent component in diode switching losses is the reverse recovery
losses while the other components in diode switching losses are quite small and negligible. The switching
losses of the anti-parallel diode, Psw,Diode (W), can be calculated using (32) [98].
, = 2 + 1
  (2-32)
Finally, the total inverter losses can be calculated by multiplying the total losses in one switch and one
diode by a factor of 6 in a typical three-phase inverter drive. There are still  other losses that need to be
considered to evaluate the total energy required by the battery, such as traffic conditions and energy drawn
for auxiliary loads.
2.7 Traffic Condition
The energy used to accelerate the EV cannot be fully recaptured during deceleration as the motor
efficiency is not constant as explained in Section 2.6. In the proposed model, the energy loss during
acceleration and deceleration at each stop is not only dependent on the vehicle speed but also is directly
dependent on the efficiency of each segment of the EV and can be calculated as follows:
= 2
1
−   (2-33)
In order to add the effect of the traffic conditions, four traffic conditions are considered in this chapter as
shown in Table 2-1. From Table 2-1, for each route segment, “segment call sign” was allocated based on
the number of stops in each kilometer. For a particular kilometer (with specific number of segments), the
average speed of the EV and the average EDS in motor mode and regenerative mode were calculated.
Therefore, the energy loss due to the traffic for the particular kilometer for each stop can be obtained using
(2-33) and finally, the total energy loss can be considered to be equal to the number of stops in the particular
kilometer (defined by the ‘segment call sign’) multiplied by Etraffic.
Table 2-1: Traffic condition along a route
Four traffic conditions Stops/km Segment call sign
Highway without stops 0 1
Light traffic condition 1 2
Moderate traffic condition 3 3
Heavy traffic 5 4
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The traffic power, PTraffic (W), for each segment can be calculated by dividing the traffic energy for each
segment over the segment time as follows:
=   (2-34)
2.7.1 Auxiliary loads
In order to have an accurate SoC and range estimation model, it is essential to consider a number of
significant loads which are normally presented when driving a vehicle such as the air conditioning system,
windscreen wipers and lighting.
2.7.1.1 Air conditioning power
The cabin temperature and the weather condition are the prominent factors for modelling the air
conditioning power. The position and the color of the side windows, and sunlight exposure are the other
factors that can have effects on the air conditioning power are not considered. The necessary power for air
conditioning power, Pac (W), can be calculated using (2-35).
=
0,




The probability of the rain has a main effect on the proportion of the time that the wipers operate. Hence,
it is necessary to calculate the required power for the operation of windscreen wipers, Pwiping (W), based on
the probability of the rain as follows:
=   (2-36)
2.7.1.3 Lighting
In the proposed model, it is assumed that the lighting power is necessary during the night. Hence, the





2.8 Total Estimated Power and Current Drawn from the Battery
Finally, the total battery power, PBattery (W), and the required battery current, IBattery (A), at each segment
can be calculated using (2-38) and (2-39).
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= + + + ℎ +   (2-38)
=   (2-39)
2.9 SoC Estimation
In this chapter, for the SoC estimation, a developed SoC algorithm using low-cost microcontrollers
proposed in [26] is used. The SoC for each segment can be calculated based on operating parameters such
as battery current during charge and discharge, temperature, and the open-circuit voltage (OCV) of the cell.
In addition, the State of Health (SoH) of the battery (the effective battery capacity when fully charged over
the rated battery capacity) needs to be considered in SoC estimation because the effective battery capacity
will be changed by many factors. Three correction factors are considered for the corrected battery capacity
and SoC estimations as follows:
( ) = ( )−
∫
  (2-40)
For a specific cycle, QA is the latest value of the cumulative moving average of the expected total battery
capacity (Ah) and can be calculated as follows:
= ( + )/( + 1)   (2-41)
By taking into account the current and temperature based on the last reading, QC can be calculated using
(2-42).
=   (2-42)
In (2-42), λC and λT values were obtained from experimental tests and the results are then collected in a
look-up table. The procedures of the methods for determining the λC and λT are fully explained in [120].
During the experimental tests, the measured values of λC and λT are obtained by interpolation from the look-
up table for different operating temperature, charge and discharge rates. The corrected battery capacity
value will be updated by using the lambda correction factors obtained from the interpolation. Meanwhile,
the initial SoC and the pack SoH needs to be provided by the vehicle’s BMS at the start of the experiment.
2.10 Validation of the Proposed Algorithm
To validate the accuracy of the proposed algorithm, an Electron Blade EV was driven along a route,
which includes both urban and freeway driving conditions with significant change in elevation from 18 m
to 449 m shown in Figure 2-3. The trip originated at the UoW Innovation Campus at 9:00AM local time
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and the air temperature was 16°C at that time. From Wunderground website [121], the observed wind speed
was 11 km/hr and was from the southwest with scattered showers along a route. From the website, it  is
possible to extract the information of wind speed, direction and the probability of the rain for each latitude
and longitude along a route on that particular day. Therefore, different values for wind speed, wind direction
and the probability of the rain for each segment have been used.
Figure 2-3: Road map and converted Hyundai Getz (courtesy of the Institute for Superconducting and
Electronic Materials (ISEM) at the UoW)
The journey starts by driving north with a speed limit between 60 km/h and 70 km/h (urban and suburban
areas) with lots of roundabouts and stop lights. At the suburb of Bulli, the route turns westward to climb
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Bulli pass to the top of Mount Ousley. In order to consider the effects of the RB system, the route then joins
the M1 freeway at 100 km/h for a climb to a peak of 445 m above sea level and then descending back to 34
m elevation at the exit to Wollongong. Finally, the trip continues to the origin point with a total distance of
31.5 km. The air conditioning system is also used to maintain the cabin temperature at 22 °C at all time.
Table 2-2: EV parameters  [122]
Parameter Symbol Value (Unit)
Loaded vehicle weight m 1340 kg
Rolling resistance coefficient (dry condition) 0.02
Rolling resistance coefficient (wet condition) 0.022
Acceleration due to gravity g 9.5 m/s2
Air density 1.2754 kg/m3
Wheel radius r 0.343m
Frontal area A 2.5m
Drag coefficient Cd 0.33
Gear ratio G 4.091
Sample EV dynamic parameters are shown in Table 2-2. Because of the data limitation on the tested
EV used in this chapter, typical values of Cr-dry and Cr-wet for an automotive tyre are estimated [123]. The
difference in predicted energy usage for roads with zero and 10% variation in rolling resistance have been
estimated for one segment of the selected route to see if the difference in the predicted rolling resistance
will make a significant difference in the predicted energy usage. The results demonstrated that the
difference between dry surface condition and wet surface condition is only 0.867%. Therefore, the
difference in predicted rolling resistance will not make a significant difference in the predicted energy
usage. In addition, the drag coefficient was obtained by the manufacturer data for the Electron Blade EV
[124] and the frontal area was measured during the validation process.
Figure 2-4: Difference between relative speed and vehicle speed
The measured battery current was obtained using an Orion BMS installed in the EV used while driven
along a route. After the drive, the recorded battery current data was used as the input to the SoC estimation
algorithm described in Section 2.9 to calculate the SoC of the battery along the route and at the destination
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the validation of the SoC estimation algorithm as discussed in [26]. It has been referred as “the measured
SoC” because it is based on the measured battery current. The difference between relative speed and vehicle
speed is presented in Figure 2-4.
Figure 2-4 shows that sometimes the wind was blowing in the opposite direction of travel of a vehicle
and therefore the relative speed was below the vehicle speed. Also, sometimes the headwind increased the
relative speed and hence its acceleration power requirement. Therefore, the wind speed and wind direction
can have a significant effect in the calculation of power due to acceleration. The total traction power of the
selected route with respect to the elevation profile is shown in Figure 2-5.
Figure 2-5: Calculated traction power with a schematic view of change in elevation
Based on the calculated traction power along a route as shown in Figure 2-5, the required energy with
and without RB are 4.135 kWh and 5.578 kWh respectively in 1711 seconds. Based on the calculation of
the rated losses for the 30-kW induction motor, the motor loss profile for the selected route for different
speed in each segment is shown in Figure 2-6 (a). The loss calculations are done based on the motor
equivalent circuit parameters which are shown in Table 2-3.
Table 2-3: Equivalent circuit parameters of a 30kW induction motor [125]
Parameter Symbol Value (Unit)
Rated power 30 (kW)
Rated Frequency 60 (HZ)
Number of poles P 4 (-)
Stator resistance 0.087 (Ω)
Rotor resistance 0.228 (Ω)
Stator inductance 0.0008 (H)
Magnetizing inductance 0.0347
Rotor inductance 0.0008 (H)
The motor efficiency based on the calculated output power of the motor is shown in Figure 2-6 (b). It
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efficiency is equal to zero because the EV is in RB mode and the amount of power is very small compared
to the constant losses in the motor (core losses). At these points, there is no transfer of power from the
battery side to the wheel. The average motor efficiency is found to be 87 % which is close to the expected
efficiency of the motor studied. The power switching device used for the purpose of loss calculation was
FQPF12N60CT 600V N-Channel MOSFET, and the anti-parallel power diode parameters were extracted
from International Rectifier fast soft recovery diode 20ETF Quiet IR Series. The total MOSFET and diode
losses based on the module selection are shown in Figure 2-6 (c) and Figure 2-6 (d), respectively.
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Figure 2-6: Motor and inverter losses/efficiencies analysis: (a) Total losses in motor (b) Motor efficiency
considering RB (c) Total MOSFET losses (d) Total diode losses
Figure 2-7: Rate of change of SoC and Elevation vs. Distance
The average diode and MOSFET losses are 65W and 1053W respectively. The average efficiency for
the inverter is 95%, which is slightly higher than the reported efficiency of the inverter used in the EV. This
is because the chosen inverter is a simple six-switch three-phase bridge inverter. The calculation, however,
shows that if the actual inverter circuit is provided, the losses can be calculated more accurately than just
assuming constant inverter efficiency commonly considered in range estimation calculations. The average
system efficiency along the route is roughly 84%, which is typical of the efficiency of the traction drive of
an EV.
Figure 2-7 shows the rate of change of SoC with the elevation profile along the selected route. During
the acceleration, the rate of change of SoC is negative and during the deceleration the rate of change of SoC
is positive because of the RB mode.
The comparison between the estimated SoC values considering constant efficiency proposed by [93], the
estimated SoC values based on the calculated efficiency values along a selected route as proposed in this































































Figure 2-8: SoC comparison along the selected route
It can be seen from Figure 2-8 that the actual value for the SoC is approximately 53.4% at the destination.
By calculating the efficiency of the traction system along the selected route as proposed in this chapter, the
estimate value for the SoC would be 53.7%. The total error of the proposed model between the actual SoC
at the destination and the predicted value is less than 0.5% for the validation drive as shown in Table 2-4.
The proposed method has performed better due to the added methods of considering varying efficiency of
the traction drive of the EV, and the effect of varying environmental conditions.
Table 2-4: Numerical results
Actual SoC at Destination 53.40 %
`SoC estimation algorithm (variable efficiency) 53.72% 0.5% error
SoC estimation (constant efficiency) [93] 51.06% 2.34% error
2.11 Summary
In this chapter, an accurate SoC and range estimation model for EVs was described. The net battery
energy usage was estimated, taking into account the time-domain losses and efficiency of the traction
system along the specified route, and including environmental factors. From the experimental analysis, the
traction system efficiency varied throughout the route and was found to be 84% on average. The SoC
calculation also took into account auxiliary loads such as windscreen wipers, air conditioning power, and
lighting, and was found to be more accurate than previously reported methods, with only 0.5% difference
between the estimated and measured value at the destination. In the next chapter, the implementation of a
real-time range indicator system for EVs using web-based environmental data and sensorless estimation of
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3 Chapter 3: A Real-Time Range Indicator for EVs Using
Web-Based Environmental Data and Sensorless
Estimation of Regenerative Braking Power
3.1 Foreword
Most of the commercially available range indicator systems for EVs do not provide sufficiently accurate
range to destination, as the environmental factors and driver’s behavior (driving style of a particular driver)
are generally not taken into account. In this chapter, a real-time range indicator system is developed and
implemented using online environmental data from various internet resources to estimate accurately the
real-time SoC and the RR for the EV while it is on the road. The estimation considers: (i) the dynamic wind
speed and wind direction with respect to vehicle position, (ii) the probability of rain and ambient
temperature, (iii) the dynamic effective rolling resistance and terrain adhesion coefficient (based on the
condition of the road surface), (iv) the time domain efficiency analysis of the propulsion system, (v) the
online traffic conditions and auxiliary loads, and (vi) the braking force distribution used in commercially
available EVs. The real-time range indicator system is validated using measured data from a 2012 Nissan
Leaf driven along a selected route in Australia with the maximum error of 8% for the entire route and less
than 1% error at the destination.
3.2 Nomenclature
A ).2Vehicle frontal area (m
a(k,tc) ).2of a cycle time (m/skAcceleration at segment
Cd Aerodynamic drag coefficient.
Ci(k,tc) Current integration at segment k of a cycle time (A.h).
Cr-dry Dry rolling resistance coefficient.
Cr(k, tc) of a cycle time.kEffective rolling resistance coefficient at segment
Cr-wet Wet rolling resistance coefficient.
dirEV(k,tc) of a cycle time (deg).ksegmentHeading of the EV at
dirwind(k,tc) (deg).of a cycle timekWind direction toward the EV at segment
elev(k,tc) of a cycle time (m).kElevation at segment
G Transmission system gear ratio.
g ).2Acceleration due to gravity (m/s
IB(k,tc) Battery current at segment k of a cycle time (A).
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Ir-r Rated rotor current (A).
Is-r Rated stator current (A).
l Distance between the center of the two wheels (m).
l1 Distance between the gravity center of the vehicle and the center of the front wheel (m).
l2 Distance between the gravity center of the vehicle and the center of the rear wheel (m).
m ).kgDynamic vehicle weight (vehicle mass plus occupants) (
PB(k,tc) ).W(of a cycle timekat segmentTotal battery power
PBR(k,tc) ).W(of a cycle timektat segmenBraking power
PCond,D(k,tc) ).W(of a cycle timekat segmentDiode conduction losses
PCond,Q(k,tc) ).W(of a cycle timekat segmentSwitch conduction losses
PCopper(k,tc) ).W(of a cycle timekCopper losses at segment
PCopper-r ).W(er lossesRated copp
PCore(k,tc) ).W(of a cycle timekCore losses at segment
PCore-r ).W(Rated core losses
PD(k,tc) ).W(of a cycle timekTotal diode losses at segment
PL(k,tc) ).W(of a cycle timekMotor output power (generator input power) at segment
Pe-r ).W(Rated eddy current loss
Ph-r ).W(Rated hysteresis loss
PM(k,tc) ).W(of a cycle timekMotor input power (generator output power) at segment
Pm ).W(Motor (generator) maximum power
PQ(k,tc) ).W(of a cycle timekat segmentswitch lossesTotal
PRB(k,tc) Regenerative braking power at segment k of a cycle time (N.m).
Prain(k,tc) Rain probability at segment k of a cycle time.
Psw,D(k,tc) (W).of a cycle timekat segmentDiode switching losses
Psw,Q(k,tc) (W).of a cycle timekat segmentSwitch switching losses
Pt(k,tc) Traction power at segment k of a cycle time (W).
QA(k,tc) (A.h).of a cycle timekExpected battery capacity at segment
QC(k,tc) (A.h).of a cycle timekCorrected battery capacity at segment
QR .h).Rated battery capacity (A
Rr Rotor resistance (Ω).
Rs Stator resistance (Ω).
rw Wheel radius (m).
SoC(k,tc) SoC at segment k of a cycle time.
SoC(initial) Initial value of SoC.
Tam(k,tc) (N.m).of a cycle timekAvailable motor (generator) torque at segment
TBR(k,tc) Braking torque at segment k of a cycle time (N.m).
Tf*(k,tc) (N).of a cycle timekMaximum applicable front braking torque at segment
Tf(k,tc) (N.m).of a cycle timekFront wheel braking torque at segment
Tff(k,tc) (N.m).of a cycle timektFront wheel friction torque at segmen
TRB(k,tc) Regenerative braking torque at segment k of a cycle time (N.m).
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Tr*(k,tc) (N).of a cycle timekMaximum applicable rear braking torque at segment
Tr(k,tc) .(N.m)of a cycle timekRear wheel braking torque at segment
Trf(k,tc) (N.m).of a cycle timekRear wheel friction torque at segment
Tm N.m).Motor (generator) maximum torque (
Tmtc(k,tc) (N.m).of a cycle timekat segmentMaximum torque capability of the generator
Treq(k,tc) Requested braking torque at segment k of a cycle time (N.m).
tk (tc) (s).of a cycle timedurationkSegment
v(k,tc) ).m/s(of a cycle timekVehicle speed at segment
VB ).V(Battery pack voltage
vrel(k,tc) (m/s).of a cycle timekRelative vehicle speed at segment
wL(k,tc) (rad/s).of a cycle timeked at segmentShaft spe
wrated Shaft rated speed (rad/s).
wt(k,tc) (rad/s).of a cycle timekTraction speed at segment
wv(k,tc) ).m/s(of a cycle timekat segmentWind speed
αk(tc) Slope angle at segment k of a cycle time (deg).
ρair ).3Density of air (kg.m
λC(k,tc) Correction factor for charge/discharge rate at segment k of a cycle time.
λSoH Current SoH of the cell after the delay for the rest period.
λT(k,tc) Correction factor for cell temperature at segment k of a cycle time.
Δlong ).degLongitude difference between two points (
υdry Dry terrain adhesion coefficient.
υ(k,tc) of a cycle time.kTerrain adhesion coefficient at segment
υwet Wet terrain adhesion coefficient.
3.3 Background
EVs are increasing in popularity, due in part to concerns for global warming and the negative
environmental impacts and increasing costs of fossil fuels. Several factors have inhibited the uptake of EVs,
such as high up-front cost, long recharge time, and limited EV range.  The latter factors contribute to range
anxiety. Range anxiety can be alleviated by accurate and reliable range estimation, or more specifically,
accurate estimation of the amount of energy required from the EV batteries to reach the desired destination
relative to the EV’s SoC.
Authors in [93] estimated the range in EVs for a specific route taking into account various environmental
conditions; however, they are modelled based on offline data. To have a realistic real-time range indicator
system, it must be able to collect and update all the necessary data in real-time. Hayes et al. [126] use a
simplified architecture of an EV power train for the range estimation and they compared the results with
those available from the manufacturer’s data and experimental tests. However, they assume the motor and
inverter efficiency to be constant along the route. In [94], the Breadth-First Search (BFS) algorithm is used
for range estimation, however it only considers the headwind direction for calculating the relative speed of
the EV and they assume that the route is flat without any elevation profile. Kim et al. [97] estimated the
35
real-time battery power requirement in EVs by estimating the EV’s speed and acceleration and using them
as inputs for the real-time power estimation, without considering environmental conditions.
In most research works, it was assumed that all braking kinetic energy can be regenerated from the RB
system and returned to the batteries of the EV, whilst only a fraction of the RB energy can be obtained, and
the rest will be dissipated as heat. To improve the SoC and range estimation, the captured and recovered
energy from the RB system needs to be accurately estimated in real-time. In most of the commercially
available EVs, the hybrid-braking system (HBS) is used, i.e. a combination of RB and conventional friction
braking for two main reasons: i) sometimes the RB torque is not enough to cover the required braking
torque in emergencies; ii) the RB cannot be used when the battery temperature or the SoC are high [127].
Reports in the literature suggest that the RB can extend the driving range by 8 to 25% [128]; and up to 50%
of the brake energy can be recaptured by the RB systems in urban areas [129].
The RB capability  of  EVs is  often  approximated  by  a  constant  regeneration  factor  [130],  while  other
researchers represent a speed-dependent [131] or deceleration-dependent [132] RB factor for the estimation
of the RB efficiency; however, the electric motor efficiency is usually considered constant throughout the
journey. As far as the authors are aware, no research work has been published addressing the real interaction
between the braking and the RR to destination.
A simple mathematical model for the braking force distribution between the RB system and the friction
braking using two constant correction factors is presented in [129]. One correction factor is used to show
the capability of the RB control system to capture the kinetic energy during braking, and another is used to
distinguish between the all-wheel drive (AWD) and the front-wheel drive (FWD) RB system. Under actual
driving conditions, however, many factors can affect the capability of the RB system, such as the EV speed,
the road surface condition, the weather condition and the braking torque. Assuming one (or even two)
constant correction factor can produce error in the estimation of the RB energy and hence error in the SoC
and the range estimation.
A quasi-steady backward approach for energy estimation in an EV without the necessity of a field data
collection is reported in [132]. An exponential relationship between the RB efficiency and the deceleration
level is derived using the average values of the RB efficiencies for five drive cycles. However, it is assumed
that the shape of the energy efficiency distribution versus deceleration rate is the same for all EVs. In
addition, the authors assume constant efficiency for the driveline and the electric motor.
In [133], a new RB control strategy called “Serial 2 control” is proposed, that offers higher RB efficiency.
In other similar work, series RB control system integrated with a FL algorithm is developed in [134]. In
both works, the braking force requested by driver is used as a command to determine the distribution
between RB and friction braking forces. However, it requires the throttle pedal force as an input signal to
the algorithm, which is not available for the range prediction. In this chapter, an improved real-time
algorithm for range estimation is proposed. The proposed algorithm takes into account the EV speed, the
EV axles’ limit, the time domain efficiency analysis of the propulsion system, the battery SoC, the




To demonstrate the need of accurate range estimation model in today’s EVs, a real test on commercially
available Nissan Leaf 2012 has been conducted. In the test, the DTE displayed on the dashboard of the
Nissan Leaf (predicted by the Nissan Leaf range estimation system) was recorded with respect to time at
the beginning and the end of each drive path. The drive paths were chosen such that they include various
driving surfaces. The route consists of the following driving surfaces; uphill, downhill and flat driving
surfaces, each of which is a 7 km long of uninterrupted roadway. Table 3-1 shows the route conditions and
the recorded DTE values for each driving surface.
Table 3-1:DTE results from the Nissan Leaf 2012 dashboard during the test
Drive path type Uphill Down hill Flat
Test status Start End Start End Start End
Recorded Time 08:45 08:51 08:51 08:57 08:57 09:03




123 66 66 107 107 97
Table 3-1 shows that the first driving surface is an uphill path with an elevation difference of 290 m over
the 7 km and the EV was driven at an average driving speed of 80 km/hour. At the beginning of the inclined
path, the DTE estimated by the Nissan Leaf was 123 km. When driving uphill, the Nissan Leaf range
estimation system assumed that the driving surface will continue to be at the same incline and therefore
when it reaches the end of the 7 km incline, the DTE is predicted to be only 66 km. This means that the
range estimation system estimated that only 66 km was available for the remaining drive. However, when
the driving surface became downhill, after 7 km of this downhill surface the DTE increased to 107 km.
Similarly, after 7 km of the flat surface the DTE reduced to 97 km. The results demonstrate that the DTE
indicator is unreliable.
It can be concluded that even in commercially available EVs, the algorithm used to calculate the
displayed distance until recharge is clearly not an accurate method of estimating the RR until next recharge.
In addition, even when the GPS is used to select the destination, it is not possible to have an accurate
estimation of the RR to reach the selected destination. The proposed range indicator model in this chapter,
however, can update the driver with the estimated value of the range to reach the destination at all times
along the route (not just the DTE) and it can be shown to be really accurate in comparison with the
measurements which have been taken from the CAN Bus of the Nissan Leaf.
3.5 Real-time Range Indicator Framework
The data used in the range indicator system can be classified into three categories: (i) constant data, such
as the speed limit, the latitude and longitude of the in-between points along the selected route, the elevation
profile, etc.; (ii) historical data, such as the charge/discharge history of the battery, and the average energy
consumption of the EV; and finally (iii) online data such as the weather conditions, the traffic conditions,
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ambient temperature, and the probability of rain. It is essential to have a combination of all these data at the
same time to have an accurate range indicator system.
In this chapter, the proposed range indicator system has the capabilities to collect different data from
various sources such as from Google Application Programming Interfaces (APIs), and traffic/weather
conditions websites. All these data have different structures, accuracy and communication methods. For
example, Google APIs returns the necessary information in two formats: JavaScript Object Notation
(JSON) and Extensible Markup Language (XML). To extract all the necessary data in real-time, a big-data
collection algorithm (BDCA) has been designed to create a link between the extracted files from Google
APIs and also other websites with the developed range estimation model. To improve the accuracy of the
range estimation model, environmental conditions, the real-time estimation of RB energy and the time-
varying drive system efficiency analysis are considered.
In the proposed model, based on the input data (origin and destination) of the selected route, the BDCA
will extract all the useful information in XML file format and then convert it to the appropriate data for use
in the range estimation algorithm. The framework of the whole procedure used in the real-time range


























































Updating  data for the next cycle time
Figure 3-1: Proposed range indicator system and BDCA framework
Figure 3-1 shows that by entering only the origin and destination points of the selected route (similar to
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the navigation systems in EVs), the data collection algorithm will extract route data and then the extracted
online data will be used along with the EV model and manufacturer data as an input for the proposed real-
time range indicator model.
3.6 Big-Data Collection Algorithm
3.6.1 Collecting route data
Google Maps can obtain the route data, which includes the latitude, the longitude, the elevation profile,
the distance, and duration between two points. As mentioned in Section 3.5, Google APIs use all the
available information from Google Maps and return the data in XML or JSON file format. The XML format
is used in the proposed BDCA.
Normally Google Maps only return the decision points of a selected route such as turning points, merge
points, and switching roads points using “Direction API”. However, the in-between points are already
available in Google Maps recorded as a Polyline ASCII code which is available in the returned XML file
for users. Therefore, in order to improve the accuracy of the range estimation algorithm and also to have
access to all the available in-between points, a “googlePolylineDecoder” can be used to convert the Polyline
ASCII code into the latitude and the longitude values of the in-between points. The googlePolylineDecoder
procedure used to extract the latitudes and longitudes of the in-between points is shown as a flow chart in
Figure 3-2.
Convert each char to its ASCII
equivalent value
Print signed latitude and longitude values
Google Polyline decoding
First bit from right is a
zero?(positive integer)
Convert to chunks of 6-bits
Remove the sixth bit
counting from the right
Minus 63 to each value
Reverse their order
invert the bits
A right arithmetic shift
of a binary number by 1
No
Subtract the last chunks
of 8  bits by 1
inverting the binary
value
Convert the binary value
to decimal and divide
the value by 1e5
A right arithmetic shift
of a binary number by 1
Convert the binary value to
decimal and devide the
value by 1e5
Yes








Figure 3-2: The flowchart of the Google polyline decoder procedure
It should be noted that, in the encoding procedure of the latitude and the longitude points, all the encoded
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decimal values are increased by 63 in order to demonstrate the proper display of the ASCII characters (this
is explained in detail in [135]). Therefore, for decoding, it is necessary to subtract each character by 63 in
order to get the correct decimal values. Moreover, to have a reasonable precision for each latitude and
longitude values, 5 decimal places (32-bit signed binary integer value) is considered after decimal point
during the encoding process. For this reason, all the decoded decimal values should be divided by 105 to
give the correct latitude and longitude values.
The length between each two in-between points is not constant along the route. For instance, Google
Maps use more points at roundabouts rather than freeways. Therefore, the selected route has many segments
(the combination of two adjacent points on the route) with different length. To get the distance and travel
time (duration with or without traffic (see Section 3.6.3)) of each segment, “Distance Matrix API” has been
used in the proposed BDCA. Also, to consider the effect of wind speed and wind direction in the range
estimation algorithm, the EV bearing between two points (dirEV) (for each segment) based on the latitude
(lat) and the longitude (long) of each point needs to be calculated using (3-1) [136].
= ( , ) (3-1)
where:
= ( )
= ( ) ( )− ( ) ( )
The elevation profile of the selected route for each latitude and longitude can be obtained from the
“Elevation API”. Therefore, the segment angle (αk) (in degree) can be obtained using (3-2) based on the
trigonometric functions.
( ) =
| ( , )− ( − 1, )|
( , )− ( − 1, ) ×
| ( , )− ( − 1, )|
( , ) (3-2)
Where, the sign of the angle is given in the first section of (3-2), which can be positive (uphill driving)
or negative (downhill driving).
By knowing the distance and the duration time for each segment obtained from the Google Maps, the
EV speed can be obtained. Of course, the EV speed is different with the speed when the driver’s behavior
is considered. One of the effective ways to take into account the driver’s behavior is to log the recent
average energy use for a certain travelled distance (e.g. for the last 50 km (30 miles)) through the CAN Bus
of the EVs. Dividing this by the nominal energy efficiency of the EV (from the data sheet) can be used as
a correction factor in the calculation of the remaining driving energy (see (3-35) in Section 3.7.5), since it
can be assumed that a more aggressive driver will cause the EV to accelerate faster causing the average
energy efficiency to decrease and a relaxed driver will cause the EV to have a more steady acceleration
causing the average energy efficiency to increase. Since, in the proposed model, the entire route consists of
many segments (with a very small length), the use of the calculated EV speed ignoring the driver’s behavior
for each segment will result in a negligible error.
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3.6.2 Collecting weather data
The weather data such as the probability of the rain, the ambient temperature, and the wind
speed/direction can be obtained from various weather websites. The “Wunderground.com” is used for the
weather data extraction in XML file format for each latitude and longitude along the route. The weather
temperature is also used as an input for battery parameters estimation, SoC estimation and for the air
conditioning load prediction. Moreover, the wind speed and the wind direction can be used for calculating
the relative speed of the EV and hence the power due to drag.
3.6.3 Collecting traffic condition status data
The expected travel time considering traffic congestion for each segment along a route with three options,
(which are optimistic, pessimistic and best guess) is available in “Matrix Distance API” in XML file format
[137]. In this chapter, the pessimistic option is used (the worst-case scenario) and therefore the EV speed
is calculated based on the predicted time (which takes into account the online traffic condition) and the
length of each segment from the Google Maps.
Finally, the BDCA extracts all the XML files of the route data, the weather data and the traffic data and
converts them into numbers for use in the real-time range indicator model. The processing time for
extracting the data of the entire route is different (typically around 10 sec) and depends on the online
website’s response time and the total distance of the selected route. When all the data becomes available,
then the proposed range indicator model will estimate the RR and the SoC of the battery. Afterwards, the
BDCA will collect all the necessary data again for the new position of the EV (i.e. the current location and
the (same) destination). This cycle (called cycle time in this chapter) continues until the EV reaches the
destination (when the segment length between the updated origin and the destination becomes zero).
Therefore, the traffic, weather, and route data will be updated after each estimated range.
3.7 Proposed Real-time Range Indicator Model
In the proposed model, the route is divided into n route segments from the origin to the destination point.
Figure 3-3 (a) shows that using assumptions used in most reported research works will lead to
overestimation in reality (see Figure 3-3 (b)), leading to range anxiety [96], [105], [106]. To solve the
problem, for each route segment the necessary power from the battery side of the EV will be calculated
considering the environmental factors. Figure 3-4 shows the flowchart of the proposed range indicator
model.
From Figure 3-4, for each cycle time and for all  the segments along the route, the EV working status
(driving or braking) will be revealed. Based on the working status and the calculated system efficiency, the
SoC, the remaining battery energy, and RR will be evaluated. The significant contributions of the proposed
range indicator model compared to Chapter 2 are as follow:
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Figure 3-3: Range indicator system (a) without and (b) with consideration of environmental conditions
1. The origin position of the EV will be updated after each cycle time and this is continuously
compared with the destination. As long as the origin is not at the destination (where the segment
length to destination becomes zero), a new cycle will start, and the BDCA will start updating
the necessary input data and finally the range estimation algorithm will show the updated SoC
and the RR to the driver (see Section 3.7.1).
2. It can estimate the available RB power (rather than using all the negative power as the
regenerative power) using the proposed sensorless RB power estimation model as shown in
Figure 3-4 during braking or downhill driving considering terrain adhesion coefficient (based
on the condition of the road surface), SoC conditions of the battery pack, EV speed, EV axles’
limits, maximum torque limit of the propulsion system, and available motor torque (see Section
3.7.2).
3. It  is  suitable  to  apply  to  all  types  of  EVs  that  use  synchronous  or  induction  motors  as  the
propulsion systems (see Section 3.8.2).
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Figure 3-4: The flowchart of the proposed real-time range indicator model
3.7.1 Traction power calculation (driving mode)
Figure 3-5 shows a schematic view of the EV with all the external forces, from which the traction power
with dynamically varying environmental factors can be estimated. From the figure, traction power (Pt) at




Figure 3-5: Schematic view of the external forces acting on EV (uphill driving)
It should be noted that, compared to the Chapter 2, in this chapter all the calculations for estimating the
battery power will be updated after each cycle time and the origin point of the EV will be replaced by the
new position of the EV. In some cases, rerouting due to unforeseen incidents such as accidents or highway
shutdown may happen along the route, requiring the segment angle to be updated for each cycle time as
well.
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3.7.2 Traction power calculation (braking mode)
The method for estimating traction power during braking (called braking power (PBR)) will be the same
as the method in driving mode using (3-3) to (3-5) (only the direction of power will be from the wheel side
to the battery side). However, based on the RB control system, road condition, and driver’s requested
deceleration, the amount of available RB power from the braking power will be significantly different. In
the SoC/range prediction available in the commercial EVs, it is not possible to consider the requested
braking power by the driver as an input to the control algorithm and then estimating the available RB power
for the entire route.
In this chapter, the sensorless RB power estimation is proposed for use in the RB control strategy. The
term “sensorless” means that no sensor is required to obtain the requested power by the driver for use as an
input for the RB power estimation. The hybrid braking system (HBS) is used where the RB and the friction
breaking are cooperatively controlled and the EV is assumed to have front wheel drive. The front axle has
both friction and RB systems; however, the rear wheel only has a friction braking. In order to maximize the
performance of the RB system at all times during braking, the front wheel lock must be prevented from
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operating during braking, because during the front wheel lock, the RB system will stop [138]. During front
and rear wheel lock conditions, the cooperative control system should follow the optimum normalized
braking force distribution curve between front and rear wheels [139]. Figure 3-6 shows all the forces acting




Figure 3-6: Schematic view of the external forces acting on EV (downhill braking)
To have a correct estimation of the RB power, the physical characteristics of the EV such as the position
of the center of gravity (CG) in the EV and also the distance between CG and the front/rear wheels must be
known to accurately estimate the braking force distribution between the front and rear wheels.
As shown in Figure 3-4, the braking torque (TBR) is used as an input in the control system and therefore,
the  power  to  torque  conversion  should  be  applied  using  (3-7)  for  each  segment  of  a  cycle  time.  The
calculated braking torque using (3-3) to (3-7) at segment k of a cycle time is equal to the summation of the
front wheel torque (friction torque plus RB torque (TRB)) and the rear wheel torque (friction torque) at
segment k of a cycle time as shown in (3-8).
( , ) =
( , )
(3-6)




( , ) = ( , ) + ( , ) = ( , ) + ( , ) + ( , ) (3-8)
In this chapter, it is considered that the driver's requested torque (Treq) is equivalent to the braking torque
as follows:
( , ) ≡ ( , ) (3-9)
To accurately estimate the RB torque, the motor available torque should be estimated. Two correction
factors are needed to calculate the motor available torque with respect to the maximum torque of the electric
motor for each segment of a cycle time. To prevent cell overcharging particularly for high SoC level during
RB, K1 is used (see Figure 3-7(a)).
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Figure 3-7: Correction factors used to calculate motor available torque: correction factor K1 vs. battery
SoC (%) (b) Correction factor K2 vs. vehicle speed (m/s)
At a very low rotational speed of the motor, the ability of the motor for regeneration will be significantly
reduced; therefore, K2 is used with respect to EV speed. Figure 3-7 (b) shows that below the threshold speed
V1, K2 is zero, and as the speed of the EV increases, K2 will increase linearly until the speed reaches V2.
When the speed is higher than V2, K2 is equal to 1, meaning that for all speeds above V2, the electric motor
can regenerate up to its maximum torque capability. The available motor torque at segment k of a cycle
time can be calculated using (3-10).
( , ) = ( , ) (3-10)
Based on the motor operating region (constant torque or constant power), the maximum torque capability
of the EV at segment k of a cycle time can be calculated as follows:
( , ) =
, ( , ) ≤
( , ) ,
( , ) > (3-11)
( , ) = ( , ) (3-12)
In the control system, the front and the rear axle limit must be always checked to prevent EV instability
during braking; also, to maximize the RB, the front wheel lock prevention is considered as a primary rule
in the control system. These maximum axles’ limits at segment k of a cycle time along a route can be
calculated using (3-13) to (3-15) [140].
∗( , ) = ( , ) ( ) ( , )
×
+ ℎ ( , ) + ( , ) (3-13)
∗( , ) = ( , ) ( ) ( , )
×




The terrain adhesion coefficient can be estimated by assuming that the probability of rain (Prain) is
proportional to the amount of wet road surface encountered along the route as follows:
( , ) = + ( , ) − (3-16)
Table 3-2 shows the peak values for terrain adhesion coefficient for different road conditions. In this
chapter, the road is assumed asphalt road. It would be possible to use other road conditions such as ice,
snow (hard-packed), earth, and gravel road to the model; however, the computational complexity of the
model will increase significantly.





Earth road (dry) 0.68
Earth road (wet) 0.55
Snow (hard-packed) 0.2
ice 0.1
By calculating all the necessary data using (3-3) to (3-16) for each segment of a cycle time along the
route in braking mode, the proposed sensorless RB model can evaluate the required friction torque for both
front and rear wheels as well as the RB torque for front axle using six conditions as follows:
Condition 1: The requested braking torque is less than both the motor ability for the regeneration and the
maximum front axle limit. The control system will regenerate all the requested power.




Condition 2: Similar to the condition 1 except the available torque in the motor is more than the maximum
front axle limit.




Condition 3: The requested braking torque is more than the motor ability for the regeneration. The control
system will use the maximum ability of the motor (based on the SoC and EV speed) for regeneration and
the rest of the required torque will be used as friction losses in the front wheel to reduce the EV speed or
stop it.
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Condition 4: The requested braking torque is more than the maximum front axle limit but less than the
motor ability for the regeneration. The control system will use part of the requested power for regeneration
considering the value of maximum front axle limit. The rest of the required torque will be dissipated as heat
in the rear wheel.




Condition 5: The requested braking torque is more than the motor ability for the regeneration and also
the maximum front axle limit. Also, the motor available power is more than the maximum front axle limit.
Therefore, the control system will use the maximum ability of the front axle for regeneration and the rest
of the required torque will be used as friction losses in rear wheel to reduce the EV speed or to stop the EV.
The rear wheel lock condition must be considered in this condition to maintain the stability of the EV. If
the required torque is more than the maximum rear axle limit, there will be no regeneration and all the
requested power will be dissipated as a heat in front and rear axles to stop the EV and maintain the stability
of the EV.




Condition 6: The requested braking torque is more than the motor ability for the regeneration and the
maximum front axle limit. The control system will use the maximum ability of the motor for regeneration
and the rest of the required torque will be used as friction losses in front and rear wheels to reduce the EV
speed or to stop it. The friction losses and regeneration in the front wheel must be less than the maximum
front axle limit and hence, the rest of the requested torque will be dissipated as the friction losses in the rear
wheel.




If the requested braking torque exceeds both maximum front and rear axle limits, at this time the
regeneration will stop, and all the braking force will be dissipated as a heat in the front and the rear wheels
following an ideal front-rear braking force distribution curve. To maintain stability, the front wheel lock is
considered first (before rear wheel lock); and anti-lock braking system (ABS) will be activated to prevent
unforeseen EV maneuver as a result of the severe braking. Finally, the output of the proposed model is the
estimated RB power (PRB) using (3-17).
( , ) = ( , ) ( , ) (3-17)
48
It is important to note that, among all these conditions, conditions 2, 4 and 5, where the available motor
torque is more than the maximum front axle limit, may happen only for road conditions of very low terrain
adhesion coefficient such as ice. These conditions are beyond the scope of this thesis as they rarely happen
in Australia.
3.7.3 Drive system efficiency analysis
The EDS (including motor and inverter) is not constant along a route and therefore it is crucial to
calculate the losses in the three-phase inverter and electric motor for each route segment of a cycle time at
different speed and different traction power. In this chapter, for the propulsion drive system, only
conduction and switching losses are considered for the switching components in three phase inverter, and
iron and copper losses are considered for a three-phase motor. An architectural view of an EV at segment
k of a cycle time along a route is shown in Figure 3-8. As shown, the EV includes a transmission system,
an electric motor, an inverter, and a battery.
Figure 3-8 shows that for the battery power estimation in both driving and braking modes, the efficiency
of the transmission system, three-phase motor, and inverter needs to be estimated. To estimate the
efficiencies, the losses of electric motor and inverter should be calculated for each segment of a cycle time
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Figure 3-8: EV condition at segment k of a cycle time along a route
As discussed in Chapter 2, based on the working region performance of the motor drive (constant torque
region or constant power region) and by calculating the rated losses (copper loss and core loss) for a three-
phase motor, the losses at different speed and torque of the motor can be calculated. In the constant torque
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region, the torque of the motor can be kept constant for different speed and can be controlled by varying
both voltage and frequency (if the voltage and speed of the motor are below the rated values).
Therefore, the motor losses in this region at segment k of a cycle time can be calculated using (3-18) to
(3-22) [99]:
( , ) =
( , )
, ( , ) ≥ 0
( , ) , ( , ) < 0
(3-18)




= 3( + ) (3-20)





= + ℎ (3-22)
In the constant power region, because the motor speed at the specific segments can reach the rated speed
or even higher, the losses of the motor in this region at segment k of a cycle time can be expressed as below
[99]:
( , ) =
( , ) (3-23)
( , ) = + ℎ
( , ) .
(3-24)
In (3-19) and (3-23) in drive mode, PL is positive, and Pm is the maximum motor power and in brake
mode, PL is negative, and Pm is the maximum RB power.
It is important to note that in both regions (constant torque and constant power), as shown in (3-21) and
(24), the core losses are only dependent on the shaft speed and independent of the motor output power in
drive mode or generator input power in brake mode (PL).
By calculating the losses in the three-phase motor at different speed and power along a route, the output
power of the three-phase inverter and the stator current of the motor, based on the calculated copper loss,
can be calculated. These values for each route segment can be used in order to calculate the switching and
conduction losses for the switching components of the three-phase inverter using (3-25) and (3-26) [99].
For more details on inverter loss calculation please see Section 2.6.
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( , ) = , ( , ) + , ( , ) (3-25)
( , ) = , ( , ) + , ( , ) (3-26)
By estimating the losses in the drive system of an EV for each segment of a cycle time, the efficiency of
the inverter, ηInv(k,tc), electric motor, ηM(k,tc), and the total system efficiency (motor efficiency times
inverter efficiency) in driving and braking modes can be calculated using (3-27) to (3-29).
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( , ) =
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, ( , ) ≥ 0
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(3-29)
Finally, the total battery power (PB) at segment k of a cycle time during driving and braking will be equal
to the input power of the inverter at segment k plus the auxiliary loads (such as air conditioning system,
windscreen wipers and lighting). The battery current (IB) can be calculated using (3-30).




The SoC estimation method and the accuracy of the model has been validated through experimental
analysis in Chapter 2. A combination of simplicity and accuracy considering the limited computing
capability of the vehicular OBU is used for SoC estimation.
The SoC at segment k of a cycle time along a route can be calculated using (3-31) to (3-33).
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As shown in (3-33), the estimated battery current considering all the environmental conditions
using (3-30) is used to improve the accuracy of the SoC of the battery.
The corrected battery capacity at segment k of a cycle time along a route can be calculated as follow:
( , ) = ( , ) ( , ) (3-34)
From (3-34), three correction factors, the charge/discharge rate of the battery, the battery
degradation and the battery cell temperature (λC, λSoH and λT) have been used to estimate the actual battery
capacity for each segment of a cycle time along a route. The values of λC and λT are obtained by interpolation
from the look-up table obtained from experimental analysis for different operating temperature, and charge
and discharge rates. Therefore, the ambient temperature and the estimated battery current are used for λC
and λT estimations, respectively. The SoH of the battery, κSoH and SoC(initial) can be obtained from the
CAN Bus of the EV at the beginning of the experiment. Based on the value of each correction factor with
respect to time, the corrected battery capacity will be updated.
3.7.5 Remaining range estimation
 The RR estimation in most of the commercially available EVs is a guesstimate based on the most recent
SoC and the driving efficiency in (km/kWh or Mile/kWh) called “Guess-o-Meter” (GOM). However, the
estimated most recent SoC is directly linked to the driver’s behavior and environmental conditions. Since
the range indicators in most of the available EVs do not consider terrain condition, EV speed, weather and
many other factors that the driver may encounter in the future, the estimation is not accurate, and the RR
may change suddenly in uphill or downhill road conditions. This was demonstrated in the road test carried
out with the Nissan Leaf described in Section 3.4. In addition, the range indicators cannot update the driver
with the final value of the range at the destination from the starting point or along the route. Therefore, it is
important to consider all the important factors affecting driving range. This can improve greatly the RR
estimation and reduce range anxiety.
An estimate of the remaining battery energy, RBE(k,tc) (kWh), can be obtained using (3-35).
( , ) = ( , ) (3-35)
The RR in (km) can be estimated by knowing the actual value of the EV average efficiency since the last
charge, EFave (km/kWh), from the CAN Bus of the EV as follows:
( , ) = ( , ) (3-36)
As shown in (3-35) and (3-36), the proposed estimation of the RR is directly proportional to the estimated
SoC. Since the proposed estimation of SoC in this chapter considers all the important environmental factors,
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all these factors have also been included in the range estimation model. The proposed method for the RR
estimation can provide not only the DTE to the driver but also the RR at the destination after each cycle
time.
3.8 Experiment Setup and Test Results of the Proposed Real-time
Range Indicator System
3.8.1 Experiment setup
Figure 3-9 shows the experimental test setup of the real-time range indicator system.
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Figure 3-9: The experimental test setup
The Nissan Leaf 2012 model is an OBD2 compatible car. To extract the data from the vehicle in real-
time, the ELM 327 OBDII Wi-Fi car wireless scanner interface has been used and connected to the Nissan
Leaf’s OBD II diagnostic port. A cell phone (with the LeafSpy Pro app installed on it) has been connected
wirelessly to the ELM 327 via WiFi. The LeafSpy Pro is a software program (available in both Android
and iOS) which logs the critical data from the EV such as remaining kWh in the Leaf battery pack, watt-
hours used by the Leaf, temperate from battery pack sensors, the voltage of each individual cell, etc. [103].
For this test,  the average EV efficiency since the last charge, the SoH of the battery, and the initial SoC
level of the EV have been used from the LeafSpy Pro app.  The logging function available in the Leaf Spy
pro software can monitor and record all the information from the CAN Bus of the EV every 2 sec to 1 hr
and then transfer the data to Dropbox (the time interval can be set by user). The Dropbox API v2 with a set
of HTTP endpoints has been used to help a computer host integrate with Dropbox. An endpoint provides a
simple way to define the base URL and authentication credentials to use when making HTTP requests from
a transformation script in the Integration Builder or a step in Flow Designer [141]. Therefore, the
information which has already logged into the Dropbox has been transferred to a portable host computer
using Dropbox API.
The computer used the MATLAB software package (web application) to run the proposed real-time
range indicate model. A user-friendly Graphical User Interface (GUI) has been designed to represent a
navigation system. The user initially enters the origin and destination names similar to the one in the
53
navigation system of any EV. The MATLAB web application will send HTTP requests to the various web
APIs and the web APIs will then send responses to all the requested information related to the
environmental conditions, traffic congestion and route data for the real-time range estimation algorithm
using wireless internet connection. This information will be logged in the computer using the big-data
collection algorithm mentioned in Section 3.6. The response time normally takes around 5 to 10 secs for
extracting data of the entire route (depends on the online websites response time and the total distance of
the selected route). As explained in Section 3.6, the “Direction API” is used to extract the latitude and
longitude of the driver’s decision points. To obtain the latitude and longitude of the in-between points, the
“googlePolylineDecoder” is used. The latitude and longitude for each point are used to calculate the
direction of the vehicle along a route using (3-1). The elevation (altitude) data for all the in-between points
is then obtained using “Elevation API”. After that, the “Matrix distance API” is used to extract the distance
and the duration time (considering the real-time traffic conditions) between each two points of the in-
between points. Thus, the actual vehicle speed between each two points can be calculated by dividing the
distance over the duration time. All the information, such as the historical and the online data, are the input
values for the range estimation algorithm.
Figure 3-10 shows the 2012 Nissan Leaf used for the test and the equipment used for the data logging.
Figure 3-10: (a) 2012 Nissan Leaf used for the experiment and (b) the equipment for data logging
(courtesy of the Sustainable Building Research Center at the UoW)
3.8.2 Test results
For validation purposes, a round trip between the Innovation Way, Fairy Meadow and the Cordeaux
Dam, Avon, NSW was used as the selected route shown in Figure 3-11. The route has been selected
carefully to include both urban and suburban areas with the speed limits varying from 40 km/h to 70 km/h,
and 100 km/h in freeway areas. The elevation varies from 3 m to 470 m above the sea level. In this way,
the effectiveness of the sensorless RB energy estimation can be demonstrated.
at the time of test, in the last 10 km of the route, there were scattered showers with an average of 67%
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for probability of the rain for the entire route. Therefore, the probability of the rain has also been used for
the experimental validation. In this chapter, two assumptions have been considered to make the range
estimation algorithm compatible for all types of EVs using synchronous or induction motors as the
propulsion system: i) All the EVs have the same architecture as shown in Figure 3-8, and ii) For the
synchronous motor loss calculation, the current excitation angle can be held zero up to the base speed and
for induction motor, the power factor is constant. Based on these assumptions, the motor torque will be
proportional the stator current.
From the Innovation Campus towards the Cordeaux Dam (red dotted line in Figure 3-11), the EV mostly
operates in driving mode due to the steep uphill slope along the route. Therefore, the return route (black
dotted line in Figure 3-11) contains opportunity to recapture the energy during braking or downhill driving.
The route then terminates at the starting point and the total driving distance was roughly 49 km. At the
beginning of the experiment, the SoC and the SoH of the battery was 88.96% and 85%, respectively. The
average wind speed was roughly 19 km/h and the average air temperature was around 21°C. Table 3-3
shows the driving details.
Figure 3-11: Road map of the selected route for experimental validation
The Nissan Leaf 2012 model used for the test was equipped with 24 kWh battery pack made up of 48
NEC LiMn2O4 (Lithium-ion manganese oxide) batteries. The motor in the Nissan Leaf was a 3-phase AC
synchronous motor with a maximum output power of 80 kW (EM61 type) capable of regeneration during
braking or downhill driving up to 30 kW.
Figure 3-12 shows the recorded drive cycle from the Leaf Spy Pro software after the experimental test.
Figure 3-12 clearly shows the rate of change of EV speed from urban and suburban areas to freeway areas.
The sudden change in speed from almost 100 km/h to zero speed in the middle of the drive cycle is because
of the need of a U-turn to change the route from the Cordeaux Dam towards the Innovation campus. Table
3-4 shows the details of the EV parameters used for the real-time SoC/range indicator validation. Due to
the lack of information of the Nissan Leaf inverter IGBT switch, the parameter of “IKW75N60T” has been
used for inverter loss estimation.
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Figure 3-12: Specific drive cycle recorded from the Leaf Spy Pro software along the selected route
Table 3-3: Drive details at the time of the experiment
Road condition Value[unit]
Elevation range 3-470 [m]
Total distance 49 [km]
Date of the experiment 13/02/2017
Experiment start time 13:25
Average Temperature 21[°C]
Average wind speed 19 [km/h]
Average probability of the
rain %67
EV occupancy 2 adults
Total segment number for
the first cycle time
2430
Table 3-4: Nissan Leaf parameters [131], [142], [143]
Parameter Value [Unit]
Nissan Leaf general parameters
Loaded EV weight 1671 [kg]
Battery 62.2 Ah Manganese-oxide Li-ion cells
Cr-dry 0.012
Air density 1.2754 [kg/m3]






Motor 80 kW Interior Permanent Magnetwith RE magnets
Final drive ratio 7.94
Peak torque rating 280 [Nm]
Threshold speed V1 1.39 [m/s]
Threshold speed V2 4.72 [m/s]
Maximum speed 10,390 [rpm]
Inverter parameters
Switch type (IGBT x 6)
DC voltage range 240~403 [V]
Size 304×256.5×144.5mm (11.3 liter)
weight 16.8 [kg]
Selected IGBT switch model (to estimate inverter
losses)
IKW75N60T
IGBT Collector to emitter on-resistance 0.016 [Ω]
Diode reverse recovery time 121 [ns]
Fall time 35 [ns]
Rise time 36 [ns]
Diode on resistance 0.0067 [Ω]
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Figure 3-13 shows a comparison of the measured SoC (obtained using the Leaf Spy Pro software
connected to the Nissan Leaf CAN Bus during the test), the estimated SoC using the proposed algorithm
with sensorless RB estimation (called control-regen), the estimated SoC considering constant values for the
drive system efficiency and the negative power due to the regeneration power (called all-regen) along with
the change in elevation.
Figure 3-13 shows that the proposed range estimation model (control-regen) follows the measured SoC
change with an acceptable accuracy. The difference between the final SoC values of the measured SoC and
the estimated SoC (control-regen) is less than 1%. In addition, to demonstrate the effectiveness of the
proposed sensorless RB control model, the figure has been zoomed at three small parts of the route as
examples where three RB control conditions happened as a series of segments. As can be seen, in all three
conditions, using the control-regen model, the estimated SoC is close to the measured SoC while the all-
regen method results in over estimation.
Figure 3-13: Comparison of measured SoC and estimated SoC using the proposed control-regen model
and all-regen model
Figure 3-14 shows the comparison among the measured SoC with the results obtained from the proposed
model and some other methods reviewed in Section 3.3. For example, the proposed method is compared
with the estimated SoC using all-regen method [93], [126], the estimated SoC without considering the
elevation profile (called no-elevation) [94], and finally the estimated SoC without considering the effect of
wind speed and wind direction on relative EV speed (called no-wind) [97] (the relative EV speed in (3-4)
is dependent on the wind speed and the wind direction and therefore the total traction power value for each
segment of a cycle time will be different for different  wind speed and wind direction (based on (3-3)) which
in turn will have impact on the calculated SoC (based on (3-31) - (3-34)).
To analyze the accuracy of each model, the estimated SoC at the destination from each model has been
zoomed and shown in the box in Figure 3-14. Figure 3-14 shows that during the uphill driving, both
estimated SoC models using all-regen method and control-regen method are very similar. However, during
the downhill driving (the return route), especially between the 37 - 49 km distance, the all-regen method
57
shows overestimation with the final value of approximately 55.6%, while the control-regen method
(51.73%) shows a close representation of the measured SoC (51.92%) without overestimation. It should be
noted that, during the uphill driving, the small differences between the measured values and estimated
values using the control regen model (up to 8% difference) is the result of considering the worst-case
scenario in this chapter. These include the consideration of a pessimistic condition for traffic condition, the
highest value for terrain adhesion coefficient and also the highest values for the efficiency analysis and the
loss calculation.  The estimated SoC using the no-elevation method is also shown in Figure 3-14, which
shows the SoC overestimation for the entire route (the final SoC value at the destination is 56.86%) and
demonstrates the importance of considering elevation profile along the route.
Figure 3-14: SoC comparison between the measured SoC and estimated SoC using different methods
The brown dotted line (no-wind effect) in Figure 3-14 shows that the final SoC value at the destination
(57.22%) is overestimated compared to the measured value (51.92%).  It can be concluded that as the power
due to drag (the last term in (3-3)), is directly proportional to the third power of the relative EV speed (see
(3-3) – 0.5ρairCdA(vrel(k,tc))3), and the relative EV speed is a function of the wind speed and wind direction
in (3-4), ignoring the effect of the wind speed and the wind direction can therefore produce noticeable error
in SoC prediction (an over estimation in this case).
Figure 3-15: Comparison of the measured RR and the estimated RR
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Figure 3-15 shows the experimental and the estimated results of the RR along the route. It is important
to note that the Nissan Leaf 2012 model only provides the DTE, which is not accurate as shown in Section
3.4. Therefore, to compare the measured RR with the simulation results, “the average EV efficiency in
(km/kWh) since last charge” is used for both the estimated and the measured RR. The measured RR at the
destination (55.81 km) (using (3-35) to (3-36) based on the measured SoC data from the CAN Bus) is
almost the same with the measured DTE from the dashboard of the Nissan Leaf at the destination (55.9 km)
which verifies the proposed method for RR estimation. The measured RR and the estimated RR (using (3-
35) to (3-36) based on the estimated SoC data from the control-regen algorithm) (55.58 km) are close,
which shows the effectiveness of the proposed model.
Figure 3-16: Motor, inverter and system efficiencies along the selected route
Figure 3-16 shows the calculated motor efficiency, inverter efficiency and system efficiency along the
route. The average motor efficiency, inverter efficiency and system efficiency are 90.21%, 94.98%, and
86.67%, respectively, which are close to the reported values for the Nissan Leaf 2012 [143]. Figure 3-16
shows that the efficiencies vary along the route, and therefore cannot be assumed constant. In some points,
they are equal to zero, because the output power is quite small in comparison with the constant losses in the
traction system, or the regeneration is not operational due to high SoC, low EV speed or severe braking and
all the stored power will be used for friction breaking as explained in Section 3.7.
The estimated regenerative torque and the maximum available motor torque versus distance are shown
in Figure 3-17. Figure 3-17 shows that for the entire route, the regeneration torque is equal to or less than
the calculated available torque, which shows that the regeneration control algorithm performed correctly
and made use of the regenerative conditions mentioned in Section 3.7.
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Figure 3-17:  Regeneration braking analysis
Figure 3-18: Friction braking analysis
Figure 3-18 shows the maximum and minimum axle limits and the calculated friction braking torque for
the front and rear wheels along the route. Figure 3-18 shows that the rear friction braking was almost zero
for the entire route; the front friction braking, however, was always not zero but below the axle limit.
Therefore, the front and rear wheel lock conditions did not happen along the entire route (the same with the
experimental test).
3.9    Summary
In this chapter, a real-time range indicator system has been proposed and demonstrated which took into
account dynamically varying environmental conditions. A new strategy was used to collect all the necessary
data from different sources in real-time via the internet, which were then used as inputs in the range
indicator model along with the sensorless RB estimation algorithm. For the efficiency analysis, both
synchronous machines and induction machines, as used in most commercially available EVs were
considered. Finally, the proposed real-time range indicator model was tested to calculate the SoC and RR
when  driven  along  a  route  in  NSW,  Australia  using  a  2012  Nissan  Leaf.  The  results  showed  that  the
proposed estimation method is much more accurate than the previous models which did not take into
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account environmental conditions, elevation profile, and the RB capabilities of the EV along the specified
route. Using the improved algorithm, the difference between the final values of the SoC and RR obtained
from the actual measurement and those obtained from the proposed real-time range indicator system was
found to be less than 1%. In the next chapter, the implementation of an intelligent driver alerting system
for a real-time range indicator embedded in EVs will be discussed to further develop the proposed model.
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4 Chapter 4: An Intelligent Driver Alerting System for Real-
time Range Indicator Embedded in Electric Vehicles
4.1 Foreword
This chapter proposes a state-of-the-art algorithm for a real-time charging recommendation for an EV
driver based on an accurate real-time range indicator system to avoid range anxiety. The charging
recommendation algorithm alerts the driver when charging is deemed required for the selected route. This
algorithm determines the nearest charging location obtained using GPS based on an accurate estimation of
SoC at the destination and when charging determines the optimum charging time required by the battery to
have sufficient energy to reach the destination. The GUI of the real-time range indicator system is also used
to show the driver an accurate estimation of the RR to destination and the current SoC. The results from
simulations of a range of routes validate the proposed algorithm.
4.2 Nomenclature
A Frontal area of the vehicle (m2).
a(i) Acceleration at segment i (m/s2).
BC Nominal battery capacity (kWh).
Cd Aerodynamic drag coefficient.
Ce Charger efficiency.
Ci(i) Calculated current integration at segment i along a route (Ah).
Cp Charger power rating (kW).
Crd Dry rolling resistance coefficient.
Cre(i) Effective rolling resistance coefficient at segment i.
Crw Wet rolling resistance coefficient.
dirEV(i) Heading of the EV at segment i (degree).
dirwind(i) Wind direction coming toward the EV at segment i (degree).
Fw(i) Total traction force at segment i (N).
g Acceleration due to gravity (m/s2).
IB(i) Battery current at segment i (A).
m Dynamic vehicle weight (vehicle mass plus occupants) (kg).
Min(SoC) Minimum value of the calculated SoC along a route.
PAux(i) Auxiliary loads at segment i (W).
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PB(i) Total battery power at segment i (W).
PCopper(i) Copper losses at segment i (W).
PCore(i) Core losses at segment i (W).
PD(i) Inverter input power at segment i (W).
PDi(i) Total diode losses at segment i (W).
PL(i) Load power (shaft power) at segment i (W).
PM(i) Motor input power at segment i (W).
PQ(i) Total switch losses at segment i (W).
Prain(i) Rain probability at segment i.
Pw(i) Total traction power at segment i (W).
QA(i) Expected total battery capacity at segment i (Ah).
QC(i) Corrected battery capacity at segment i (Ah).
QR Rated battery capacity (Ah).
SoC(des) SoC at the destination.
SoCm Minimum acceptable SoC for the electric vehicle.
SoC(i) SoC at segment i.
SoC(initial) Initial value of SoC.
SoCt Threshold value above the minimum acceptable SoC.
tc Recommended charging time (min).
ti Segment i duration (s).
v(i) Vehicle velocity at segment i (m/s).
VB Battery pack voltage (V).
vrel(i) Relative vehicle speed at segment i (m/s).
wv(i) Wind speed at segment i (m/s).
Valuec Necessary charging value at the segment i.
αi Slope angle at segment i.
ρair Density of air (kg.m3).
ηM(i) Motor efficiency at segment i.
ηInv(i) Inverter efficiency at segment i.
ηTS Transmission system efficiency.
λC(i) Correction factor for charge/discharge rate at segment i.
λSoH(i) Current SoH of the cell after the delay for the rest period.
λT(i) Correction factor for cell temperature at segment i.
4.3 Background
Global warming, limitation of non-renewable sources such as fossil fuels and the obligation of reducing
20% of global CO2 emissions by 2050 introduced by the International Energy Agency (IEA) have provided
significant interest in the use of EVs as a mainstream transport solution in recent years [144]. From the EV
buyer’s perspective, however, confidence in EVs is far from universal because of the EVs limited battery
capacity and also due to limited availability of charging infrastructure, which can cause range anxiety [145].
63
These concerns rank even higher than the higher cost of the vehicles and batteries. Even taking into
consideration the new low-cost generation of EV batteries, the range anxiety can still limit the usage of EVs
[26].
Recently, a great deal of research effort has been devoted to the study of reducing range anxiety in EV.
The research has been mainly concentrated on improving the SoC/range estimation by taking into
consideration driving environmental conditions [93], [94], driver behavior [95], [97], traffic conditions
[95], [96], and time-variant efficiency analysis of the drive system [98], [99]. The customer adoption,
however, remains relatively low. This problem can be solved by combining the research in improving the
SoC/range estimation with smart communication systems [146].
The smart communication systems in the automotive industry can be categorized into three levels: i)
vehicle-to-driver (V2D) ii) vehicle-to-vehicle (V2V) iii) vehicle-to-infrastructure (V2I). V2V and V2I
communication systems have been well-researched due to the large investments of governments to make
the road safer by using these communication systems to reduce the traffic congestion [147], to track the
position of the vehicles for infrastructure assessment [148] and to prevent of collisions [149], [150]. There
is still a lack, however, of research into the effectiveness of V2D communication systems for use in EV.
The main objective of this chapter is to combine the improved SoC/range estimation model proposed
previously in Chapter 3 with a state-of-the-art V2D communication system to provide charging
recommendation  to  a  driver  in  an  EV.  The novelty  of  the  system is  that  it  can  (i)  alert  the  driver  when
charging is required during the route, (ii) identify the nearest charging stations with the exact names,
addresses and geographical coordinates, and (iii) provide the amount of time required to charge the EV to
reach the destination using simple, accurate and intelligent model without the necessity of establishing
complex information environment. All information will be automatically obtained through GPS and the
mobile internet system using publicly available websites or through stored historical data requiring little or
no input from the driver.
It is envisaged that with an accurate SoC/range estimation and a smart V2D communication system, the
driver can be more confident that he can always reach the destination without any possibility of being
stranded. This will ultimately lead to increased adoption of EV. A review of the importance of wireless
communication methods especially in intelligent transportation systems and current Internet of Things (IoT)
in industries is summarized in [151]. From the paper, the number of IoT-related journals has increased
significantly which shows the importance of the research area.
Ferreira et al. [152] propose the SiREV recommender system for EV drivers. This system contains
several modules, including a GPS module, an energy market information module, a public transportation
information module, a vehicle to grid system module, and a charging station reserve module. Based on the
geographical position of the EV, the SiREV can find the nearest charging locations and can provide the
distance to the charging stations. The proposed system cannot, however, provide a recommendation to
driver  whether  charging  is  required  based  on  the  charging  status  and  it  cannot  advice  the  driver  of  the
required charging time based on the destination. The software to calculate SoC/remaining driving range
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also does not consider the driving environmental factors and the driver behavior. Furthermore,
implementing the SiREV model for EVs will be extremely difficult, as it will require the establishment of
an information exchange environment that can communicate to both smart grid and public transportation
system.
Bedogni et al. [153] also developed a mobile Android application with the ability of providing a list of
geographical position of charging stations nearest to the vehicle position, and providing a direction to the
driver to charging stations taking into account the elevation profile of the route toward the charging stations.
Although the proposed application provides driving range estimation and a list of available charging
stations with the ability of communication between the vehicle and charging stations, it is not smart enough
to inform the driver on how long the charging time will be and it requires the driver to enter the current
position of the vehicle, the necessary amount of energy to be charged in kWh and the desired distance radius
to reserve a charging station. Further, the software to calculate SoC/remaining driving range does not
consider the driving environmental factors (except elevation) and the driver behavior.
The authors in [152] have proposed a great communication system as a mobile application called vehicle-
to-anything, with the emphasis on vehicle to grid constraints. The proposed model, however, is hard to be
implemented into realistic EVs in large scale due to the limited computing capability of vehicular OBU
which support mobile applications [154]. Also, for safety reasons, the driver needs to stop driving to utilize
the proposed app, since it  has lots of functions that the driver needs to capture, which can endanger the
driver when driving. For these reasons, some researchers proposed cloud-enabled vehicular networks
[155]–[157]; however, degradation of the service quality due to the bandwidth limitation and also security
issues are the main concers of using cooperation in cloud environment. Therefore, a compromise between
accuracy and simplicity needs to be considered in implementing the intelligent communication system in
EVs.
Tannahill et al. [93] studied the SoC estimation model along with the charging recommendation system.
The proposed SoC estimation model in [93] considers most of the environmental conditions and behavioral
factors, but the authors concede that it is a preliminary paper and more research is needed into the proposed
innovative system. The recommendation algorithm can alert the driver when charging is required and can
also provide a simple estimation of the duration of the charging required. This model, however, is not able
to tell the driver the exact location of the charging stations and provide the geographical view of the route
with multiple charging stations requirements.
Some commercially available communication applications have also been developed for newer EVs by
car manufacturers, such as the BMW i-Remote App [101] and Nissan Leaf EV using NissanConnectTM
[102], or by private companies such as Leaf Spy Pro [103] (specifically designed for Nissan Leaf) for
monitoring EVs vital parameters and recording driving history. These applications are user-friendly, and
they claim to be able to provide real-time monitoring and measurement of the battery SoC, SoH, and battery
cell temperature. However, more research still needs to be done to improve the communication system
between the driver and the BMS. Further, these systems do not consider environmental conditions and
behavioral factor in their SoC/range estimation.
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The main differences between previous research works and this work are as follows:
1. The algorithm will automatically obtain the driving environmental conditions and the driver
behavioral factors from previously stored information about the driver and use the information to
estimate the SoC and remaining driving range, and for the proposed charging recommendation
system.
2. The proposed system does not require a complex information exchange to obtain the required data
for the algorithm – everything is obtained through the mobile internet system using publicly
available websites.
3. The proposed system will be smart enough to provide sufficient data to the driver with little or no
requirement of data input from the driver during driving reducing the risk of collision with other
vehicles.
4. The proposed system is designed to ensure that there is a balance between the need for simplicity
and the need for accuracy and hence the proposed model will use optimized functions considering
computing capability of OBUs in its algorithm. Therefore, the proposed communication system
can easily be implemented in any commercially available EVs.
Introducing EVs with such an intelligent wireless communication system between EVs and drivers can
be of a great interest to younger generation or the technology enthusiasts, who would expect this capability
from their vehicles. It is envisaged that such communication systems can help to improve the penetration
of EV into the transportation market.
4.4 Real-time Range Indicator Model with Recommendation
System
This chapter proposes a recommendation system which is linked with the proposed model of a real-time
range indicator system introduced in Chapter 3. As discussed, the range indicator system uses a smart
BDCA to extract all the necessary data in real-time using wireless internet connection from different
sources, such as the Google Maps, weather information bureau, etc. A new GUI has been designed in this
chapter and then linked with the real-time range indicator system to create a graphical view of the results
along a selected route. Figure 4-1 shows the real-time range indicator framework. As figure shows, an
intelligent recommendation system is added to the range indicator system to alert the driver when the
destination is beyond the estimated range of the EV (based on the initial charging condition and the driving
pattern so far). The charging recommendation algorithm will then tell the driver which station is the best
one to charge the battery in terms of distance based on the information of the available charging stations in
the area obtained from GPS. The proposed charging recommendation system will also provide the charging
time to reach the destination (including some margin), to reduce the time required to have the EV fully
charged.
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Figure 4-1: The framework of the real-time range indicator system with charging recommendation system
Figure 4-2 shows all the currently available charging stations in Australia used in this chapter. It is
envisaged  that  as  EV  becomes  more  popular,  more  charging  stations  will  be  made  available  by  local
governments and private entities.
Figure 4-2: Currently available charging stations in Australia [158]
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4.4.1 Review on the big-data collection algorithm and SoC estimation
As explained in Chapter 3, to estimate the required SoC at the destination, it is essential to collect all the
constant, historical, and real-time data from different sources. Figure 4-1 shows all the necessary input data
such as route data, traffic data, weather information, battery model information of the battery, vehicle
parameters and charging stations data. Google APIs have been used to extract the route data and weather
forecast websites have been used to extract the weather information. The data is then utilized for traction
power calculation.
In order to calculate the traction power along a route, route segmentation is used. For each segment, the
latitude and longitude of the start and end points, the wind speed and direction, the probability of rain, the
elevation and the effective rolling resistance need to be considered. Figure 4-3 demonstrates the power
transition in an EV at segment i along a route. Figure 4-3 shows that, in order to calculate the battery power
along a route at each segment, it is essential to calculate traction power from the wheel side of the EV.
Based on the transmission system gear ratio and the efficiency, the load power seen from the shaft of the
motor can be calculated. In the proposed method, the EDS (motor and inverter) is calculated at any instant
of time, unlike many research works, where the authors consider the efficiency reported by the manufacturer
data is assumed to be constant at any instant of time [26], [106]. In order to improve the SoC estimation,
auxiliary electric loads such as that used for air conditioning, windscreen wipers and lighting are also taken
into account. Figure 4-3 shows how friction losses, gravity loss, aerodynamic loss and acceleration loss are
taken into account during the calculation of the traction power/force [26], [106]. The full details of the














Figure 4-3: Power transition in EV at segment i along a route





( ) = ( ) + ( ) × ( ) − ( ) (4-2)
( ) = + ( )( − ) (4-3)
( ) = ( ). ( ) (4-4)
In (4-1), m is the dynamic vehicle weight (vehicle mass plus occupants). An average weight of 75 kg is
considered for each person seated in the vehicle up to five people. To implement this in real-time (without
the necessity of entering the number of occupants at the beginning of a route), it would be possible to
consider utilizing the already installed pre-existing sensors used for seatbelt warning light in order to have
an accurate estimation of the number (weight) of occupants. The negative values for traction power
calculation in (4-4) represent the power direction from the wheel side to the battery side of the EV (RB
mode). The efficiency of the transmission system changes under different environmental conditions is
assumed constant along a route due to the limited information available for the transmission system for the
converted Hyundai Getz (blade electron) used.
( ) =
( )/ , ( ) ≥ 0
× ( ), ( ) < 0 (4-5)
The input inverter power in Figure 4-3 can be calculated by evaluating the efficiency of the motor and
drive system using (4-6).
( ) =
( )/ ( ) × ( ) , ( ) ≥ 0
( ) × ( ) × ( ), ( ) < 0
(4-6)
The efficiencies of the motor and inverter can be calculated using (4-7) and (4-8) respectively for both
normal and RB conditions.
( ) =
( )/ ( ) + ( ) + ( ) , ( ) ≥ 0
( ) − ( ) + ( ) / ( ), ( ) < 0
(4-7)
( ) =
( )/ ( ) + ( ) + ( ) , ( ) ≥ 0
( ) − ( ) + ( ) / ( ), ( ) < 0
(4-8)
It should be noted that for each segment along a route, for the calculation of the motor losses, the motor
would operate in the constant torque region or the constant power region, depending on the vehicle speed.
Different mathematical calculations for each of these will be needed. The details of the loss calculation
methods for the three-phase motor and inverter used are fully discussed in Chapter 2. The necessary power
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from the battery side and the battery current for each segment along a route can be calculated as follows:
( ) = ( ) + ( ) (4-9)
( ) = ( )/ (4-10)
For the SoC estimation, the model in Chapter 2 is used. This model only needs simple computational
effort and therefore low-cost microcontroller can be used to implement the model in actual EVs. The SoC
for each segment along a route can be calculated as follows:
( ) = ( ) −
( )
( ) (4-11)
( ) = ( ) + ( − 1) /( + 1) (4-12)
( ) = ( − 1) +
( ) ×
3600 (4-13)
To have an accurate SoC estimation, three correction factors are considered in this model to account for
different charge/discharge rates, cell temperatures, and the SoH of the battery (battery capacity at full charge
condition over the rated battery capacity). The corrected battery capacity for each segment along a route
can be determined using (4-14).
( ) = ( ) ( ) (4-14)
λC and λT correction factors were extracted from the interpolation of a look-up table through experimental
measurement of the exact battery used in a converted Hyundai Getz. Based on the value of each correction
factor with respect to time, the corrected battery capacity is updated. The current SoH of the battery, λSoH,
and  the  initial  value  of  the  SoC  are  obtained  at  the  beginning  of  the  experiment  from  the  Orion  BMS
installed in the vehicle [99]. It is interesting to note that the SoH of the battery is one of the most prominent
factors affecting the SoC estimation. Using a fixed value for SoH estimation will result in an overestimation
of the SoC because the battery cycle life (the number of cycles that battery can support) will change due to
gradual deterioration of battery performance due to the irreversible chemical reactions, which leads to
reduced battery capacity [159].
Based on this model, by calculating the battery current from (4-10) and adding all the correction factors
to estimate the corrected battery capacity, the expected SoC along a route can be calculated.
4.4.2  Proposed charging recommendation algorithm
To reduce the range anxiety, a driver alerting option needs to be included to the vehicle’s range estimation
system. The proposed recommendation system has the ability to alert the driver when a recharge is
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necessary during the route and provides the name and address of the nearest charging station. To account
for the effects of sudden changes in vehicle speed due to driver behavior and the varying energy usage
required to reach the nearest charging station, a sufficient margin (threshold) above the minimum acceptable
SoC is considered. The details of the proposed recommendation algorithm are described in Figure 4-4.
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Figure 4-4: The flowchart of the proposed charging recommendation algorithm
As can be seen form Figure 4-4, this algorithm checks the SoC value for each segment to be above the
minimum value plus the margin. Three events may occur along the selected route and the driver may get
one or more of the following three messages: “hill hazard”, “stop required” or “stop recommended”. The
message “hill hazard” will appear along a route when, for each segment, the SoC value is smaller than both
the minimum acceptable SoC for the EV, SoCm, and SoC at the destination, SoC(des) considering the RB
system. This situation will occur when the EV faces steep roads with significant change in elevation. In this
case, the charging status may go below the acceptable minimum range. When travelling downhill, instead,
because of the RB system, the EV will be charged during braking. In this situation, the driver will be alerted
at the starting point to charge the battery in order to prevent damage to the battery. The “stop recommended”
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message will happen along a route when SoC at the destination, SoC(des), is smaller than the minimum
acceptable  SoC  for  the  EV, SoCm, plus the margin (threshold) value, SoCt. Finally, the “stop required”
message will occur along a route when SoC at the destination, SoC(des), is smaller than the minimum
acceptable SoC for the EV, SoCm, as shown in Figure 4-4.
Based on these three events, the driver needs to decide to recharge the battery. This means that the
charging recommendation system will now tell the driver the nearest charging station and its name and
address using the Google places API. This algorithm will also tell the driver roughly how much time is
necessary to charge the battery in order to reach the destination. If the selected route is beyond the ability
of the EV or if the initial charge of the EV is at critical level, the charging algorithm will inform the driver
to fully charge the battery. At this stage, the algorithm will calculate the SoC after charging and check the
values again. If the three events occur again along the rest of the journey, it means that the vehicle needs to
recharge the battery again and therefore the algorithm will restore the next charging station information to
alert the driver. The charging time along a route can be calculated using (4-15) to (4-17). If the vehicle
needs a full charge to reach the destination, (4-17) will be used. Otherwise, only the minimum possible
charging time will be calculated to reach the destination using (4-16). In order to give to the driver a better
notion of time, the calculated charging time in minutes is converted to hours:minutes:seconds (hms) format
in the GUI (see Figure 4-8).
= ( × × 60)/( × ) (4-15)
For normal condition: (minimum charging time)
= + − ( ) (4-16)
For full-charge condition:
= 100− ( ) (4-17)
4.5 Graphical User Interface (GUI)
To implement the proposed range indicator system with the intelligent charging recommendation
algorithm in a real EV, it would be beneficial to have a graphical view of the proposed model in the
simulation environment. In order to do this, the proposed algorithm code is linked with a proposed GUI
device. In the proposed GUI device, the driver enters the origin and destination names of the selected route
from which the GPS will determine the geographical positions (latitude, longitude) of the beginning and
ending of the route, the initial SoC, the number of occupants and also the time of day in the corresponding
boxes in the GUI. The user also has the option of avoiding tolls and also considering traffic congestion
along a route. To include the traffic congestion along a route, Google API is used to provide the expected
duration in traffic with three options: best guess, pessimistic and optimistic. The details of each option are
fully discussed in [137]. In this chapter, the pessimistic option is used for the calculation of vehicle SoC
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and total travel time. By pressing the “Get Route Data” button, the range indicator algorithm will extract
all necessary real-time data from various sources. The Google direction API, Google elevation API, Google
matrix distance API, WUI API, and Google places API are used for the real-time data extraction.
The designed GUI has the capability to show the road map of the selected origin and destination points.
It can also show the accurate range to destination, and accurate SoC of the vehicles taken into account most
of the environmental conditions, based on the initial charging level and also the selected route. If the EV
needs to be charged (because the SoC has fallen below the specified threshold), the algorithm will find the
nearest charging station name, address and an accurate view of the corresponding charging station position
obtained from the Google Maps. From the pop-up menu in the “Route Results” panel, the users can select
the simulated SoC (with/without charging), the elevation profile of the selected route, the estimated rate of
change of the SoC, the estimated system efficiency and the available range along the selected route.  Other
parameters such as the ambient temperature, the estimated final value for the SoC with/without charging,
the wind speed, the total distance, the probability of rain and the estimated duration time (with/without
traffic condition) to reach the destination are provided as well. The alerting system will also notify the
driver to charge the battery with the minimum necessary charging time to reach the destination if at least
one of the three events mentioned in Section 4.4.2 occurs.
4.6 Results of the Proposed Real-time Charging Recommendation
Algorithm
To validate the proposed algorithm, the route between 6 Tigway Avenue, Figtree, NSW and 2 Compton
Green, West Pennant Hills, NSW in Australia was used. The parameters of the blade electron (Hyundai
Getz) EV in Chapter 2 are used in this simulation for traction power estimation. Only two occupants with
the initial SoC of 94.7% was considered for this estimation. Figure 4-5 demonstrates the initial necessary
data and road condition options of the selected route in the GUI. By pressing the “Get Route Data” button,
the simulated GUI device will compile all the input data to run a real-time range indicator system.
Meanwhile, the range indicator system will extract all the necessary real-time data using various APIs.
Based  on  the  time  of  the  day,  the  number  of  occupants  in  the  EV  and  the  initial  charging  status,  the
range/SoC estimator will calculate the necessary range/SoC at the destination. If one of the three events
mentioned in Section 4.4.2 happens along a route, the charging recommendation system will find the name,
address and the position of the nearest charging station. In addition, the proposed algorithm will calculate
the minimum charging time for the selected route to have an acceptable charging level at the destination
(above the minimum acceptable value plus the threshold value). In this simulation, in order to increase the
possibility of finding charging station points near to the vehicle position along a route, some petrol stations
in Australia have been added to the charging stations presented in Figure 4-2.
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Figure 4-5: Initial necessary data and road condition options of the designed GUI color
To make the results more readable, the results of each panel in the proposed GUI are demonstrated in
separate figures. Figure 4-6 demonstrates the road-map view of the selected route in Australia.  As can be
seen from Figure 4-6, the range estimation algorithm selects the shortest route between the origin and the
destination (also if the “avoid tolls” check box is selected, the algorithm will select another fastest route
without tolls).
Figure 4-6: Road-map view of the selected route in the designed GUI
Figure 4-7 shows the “Route Results” panel in the GUI. From the figure, the total distance and total time
for the selected route were 95.587 km and 1 hour and 52 minutes respectively (the pessimistic traffic
conditions were used by selecting the “with traffic” check box). The average ambient temperature was 25.1
degree centigrade; the probability of the rain was 13% and the wind speed was roughly 0.18 m/s.
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Figure 4-7: Route results panel in the designed GUI
The details of the alerting system and the charging station are shown in Figure 4-8. Figure 4-8 shows that
for the selected route, the initial charging level at the origin point is not enough to reach the destination.
Hence, the proposed charging recommendation system will alert the driver that charging is “required” along
the route.
Figure 4-8: Charging station details and alerting system panel
The proposed algorithm will select the nearest charging location (when it is necessary) and displaying
the required charging time. The “Alerting System” panel at the middle section of the Figure 4-8 shows that
there will be a hill hazard along the route with this charging condition. The SoC values at the destination
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with and without charging are 25.43 % and -5.017 % respectively. If the driver recharges the battery of the
EV at  the  recommended places  for  the  suggested  duration  time,  the  final  SoC at  the  destination  will  be
above the appropriate predefined range. The algorithm has the ability to find numerous charging stations
which are necessary to reach the destination. In “Charging Station Details” panel of  Figure 4-8, the total
number of required stations is shown. As can be seen, for the selected route, only one charging station is
recommended (see top of the Figure 4-8). From the pop-up menu of the “Charging Station Details” panel,
the driver can select the station order to get all the necessary information of the corresponding station as
shown in Figure 4-8.
At the first charging location, the EV battery needs a charge for about 1 hour and 24 minutes. At the
bottom of Figure 4-8, a charging location along with its latitude and longitude information is presented (red
point). The driver can also “zoom in” to the map to have a closer view with more details of the charging
station position.
The plotted results of the pop-up menu in the “Route Results” panel (see Figure 4-7) are demonstrated
in Figure 4-9. Figure 4-9 (a) and (b) show the SoC estimation with and without charging, respectively. As
can be seen from Figure 4-9 (a), after 40 minutes of driving, the battery of the EV is charged up to almost
55 %. This shows that in the proposed algorithm, charging time is calculated only to reach the destination.
Therefore, there is no need for the driver to fully charge the vehicle, which will require considerable time.
The instant charging in Figure 4-9 (a) reveals that in the proposed algorithm the charging time is considered
separately, as explained in Section 4.4 and charging time in “Charging Station Details” tab in Figure 4-8
needs to be added to the elapsed time. Figure 4-9 (c) shows the elevation profile of the selected route varies
between 12 m and 467 m. Figure 4-9 (d) reveals that the system efficiency is not constant along the route
and, in some cases; the system efficiency is zero because, in these cases, the EV is in RB mode, but the
traction power is smaller than the constant losses in the three-phase motor. For this reason, all the braking






Figure 4-9: The plotted results of the popup menu in “Route Results” panel for the selected route: (a) SoC
estimation with charging (b) SoC estimation without charging (c) the elevation profile of the selected
route (d) time-variant drive system efficiency analysis
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4.7 Summary
The real-time range/SoC estimation model in Chapter 3 linked with a proposed intelligent charging
alerting system has been used in this chapter to reduce the driver range anxiety. An intelligent algorithm
and a proposed GUI device have been used in this model to alert the driver the need to recharge once the
SoC level drops below a certain threshold. If one of the three events (hill hazard, stop required and stop
recommended) occurs along a route, the charging recommendation algorithm has the ability to show the
two nearest charging locations with their names, addresses and GPS coordinates. This algorithm also
calculated the minimum charging time required at the charging station to reach the destination. The
proposed system will enhance the use of EVs by reducing range anxiety and reduce the necessary charging
time along a route. The proposed algorithm can help the driver to travel over a longer distance without the
possibility of being stranded by a depleted electric battery. Further research work will need to include the
development of an actual real-time range indicator system with an actual GUI device (rather than the
simulated ones presented here). It is envisaged that the system can also automatically detect if the
recommended charging station is available or not and if it is available to reserve a charging session. If it is
not available, then the vehicle can select another nearby charging station that is available for use. In the
next chapter, the implementation of an electric circuit-based EV battery model for runtime prediction and
SoC tracking will be provided and discussed.
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5 Chapter 5: An Electric Circuit-based EV Battery Model
for Runtime Prediction and SoC Tracking
5.1 Foreword
Battery modeling plays a crucial role in improving the performance of battery powered systems
especially in EV applications.  To date, many state-of-the-art battery models have been proposed by
researchers to improve the evaluation of the performance of the EVs. In this chapter, an electric circuit-
based approach for an EV battery model capable of capturing the dynamic capacity rate effects for the
runtime prediction, the SoC tracking and the I-V performance of the battery is proposed. To compare the
results, two most cited and well-known electric circuit-based battery models are accurately modeled in
MATLAB Simulink; and the accuracy and the simplicity of each model are then compared with the
proposed model, with the emphasis on the rate capacity effects for the SoC tracking and the runtime
prediction. To extract the battery parameters and to verify the results of each battery model, experimental
tests have been conducted on four Li-ion LGHG2 3 Ah battery cells connected in series, and the results
prove the effectiveness of the proposed model.
5.2 Nomenclature
c Constant factor used in KiBaM
CA(t) Available battery capacity (A.s)
Ccapacity Battery nominal capacity (Ah)
Cm Maximum battery capacity (A.s)
Cun Unavailable battery capacity in (A.s)
f1 (Cycle) Cycle number correction factor
f2 (Temp) Temperature correction factor
Ibc Battery cell current (A)
k’ Constant factor used in KiBaM
SoC0 Initial battery SoC
t0 Start time of the period (s)
tdis Discharge time of the period (s)
trest Rest time of the period (s)
5.3 Background
EVs  are  currently  undergoing  innovative  evolution,  due  to  the  impetus  given  in  recent  years  by  the
concern of global warming and the negative environmental impacts of fossil fuels. The confidence in the
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success of EVs, however, is far from universal even in countries, where the governments support the EV
markets by giving subsidies to make the EVs economically competitive, because of their long recharging
time, limited vehicle range, and acceleration, which can lead to driver’s fear of being stranded by a depleted
EV battery.
The battery is the most important part in any types of electric based vehicle, which provides the necessary
power requested by the driver to reach the destination. An accurate model of the battery will help to
determine a precise SoC estimation and enable designers to explore the battery behavior for different load
cycles and applications. By having a more precise estimate of the remaining SoC, the range anxiety can be
reduced, and this may help to increase the uptake of EVs into the transportation market.
However, battery modelling is a challenging problem due to the non-linear and complex characteristics
of the battery. Some of the non-linear phenomena that can be observed in the battery characteristic are (i)
capacity fading, where the amount of charge a battery can deliver at the rated voltage decreases with
increasing charge/discharge cycle, (ii) self-discharge, (iii) the temperature and hysteresis effect, (iv) the
recovery effect, where the available energy is less than the difference between the energy charged and the
energy consumed, and (v) the charging rate of the battery, where a higher charging rate will produce a lower
capacity reading and vice versa [160], [161].
In the literature, different approaches for battery modelling are presented and can be categorized into
three sections:
1. Experimental (mathematical) model: this model used mathematical methods and experimental
equations to estimate the battery capacity, efficiency and battery runtime. However, this model
is unable to represent the current-voltage (I-V) information, which is crucial for the optimization
purposes and it is impossible to generalize this model for all applications due to the potential
inaccuracy of the data that can cause up to 20% error [162].
2. Electrochemical (cell level) model: despite its accuracy, this model is very complicated and
requires a long simulation time (often in days) with difficult procedures and hard-to-obtain
battery initial information. The battery designers used this model to optimize the battery
physical model and to capture the characteristics of the chemical reactions at the battery cell
level to clarify the battery parameters with the macroscopic information of the battery, such as
the battery voltage, the battery current and other microscopic information including the
concentration distribution [163].
3. Electric circuit-based (system level) model: this model is useful and easy to implement,
particularly for the electrical circuit designers, because it deals with the electrical equivalent
model of the battery. Its accuracy is generally reasonable (which lies between the accuracy
obtained using the electrochemical models and the accuracy of the experimental models) within
5% error. In comparison with the electrochemical models, the circuit-based models do not deal
with the complicated electrochemical interactions at the cell level but simply deal with the
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battery performances at the system level (i.e., the whole system response) [164].
Many researchers used the electric circuit-based model to simulate the behavior of the battery using the
voltage source, the resistors and the capacitors with different combinations, and then simplify them with
models, such as the Thevenin-based model, the impedance-based model and the runtime-based models
[165], [166]. The main objective of these models is to obtain a precise SoC estimation.
Many attempts have been devoted in the literature to combine the circuit-based model with the data
driven techniques (supervised, semi-supervised and unsupervised [159]), such as the neural network [167],
the SVM [45] and the FL [168] techniques. Although the data driven approach can be used to model the
battery as a black box, the results can be inaccurate or completely incorrect when the available data for the
training is not enough or the data is biased [159]. Therefore, currently the fusion (model-based) techniques
(the combination of the adaptive algorithms and the electrical circuit-based models) are used to achieve the
expected accuracy from the battery model, such as the use of K [169]; however, the fusion techniques are
hard to implement for a realistic large scale EV due to the limitation in the computing capability of the
vehicular OBU [158]. Therefore, improving the electric circuit-based models itself with minor
modifications, such as including the consideration of the current rate and the recovery effects for the SoC
tracking and the runtime prediction can make the model more suitable for use in an EV real-time range
indicator system. Furthermore, the developed battery model can be used in conjunction with other models
such as real-time BPBM (including travelling and environmental factors in the model) as explained in
Chapter 3 to further improve the accuracy of SoC estimation (mixed algorithm).
This chapter proposes an electric circuit-based battery model, to predict the runtime and the SoC tracking,
using look-up tables, which is more effective for practical applications due to less complexity for
implementation.  Experimental tests have been conducted to extract the battery parameters and also to verify
the results. To clarify the advantages and disadvantages of the model in terms of its accuracy and simplicity,
two well-known electric circuit-based models that have been used in EV applications are simulated and the
results of each model is then compared with the results of the proposed model. The comparative results
have revealed that the proposed model performs well and has less complexity than the other existing
methods.
5.4 Runtime Battery Model
5.4.1 Review of two runtime-based battery models
Two well-known runtime-based battery models available in literature have been selected to use as
benchmarking for the proposed model. The first selected electric circuit-based battery model is proposed
by Chen et al. (called “Model 1”) as shown in Figure 5-1 [165].
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Figure 5-1: “Model 1” Electric circuit-based battery model [165]
This model can predict both the runtime and the voltage response under different loading conditions with
an acceptable accuracy. Figure 5-1 shows that the circuit consists of two parts: 1) the RC circuits (on the
left) for the SoC tracking, the runtime prediction, and the energy loss estimation due to self-discharge of
the battery, and 2) the RC circuits (on the right) for simulating the current-voltage response, the sudden
voltage drop when it is connected to the load, and the transient response. It should be noted that the current
source is used to model the charge/discharge current and the voltage-controlled voltage source is used to
model the SoC in relation to the open-circuit voltage (Voc) of the battery cell. In this model, the battery
capacity is assumed to be unchanged with different current rates as shown in (5-1).
= 3600. . ( ). ( ) (5-1)
     Also, the SoC of the battery can be calculated using (5-2).
( ) = −
( )
(5-2)
It is to be noted that in the EV application, the current rates have influences on the battery parameters
due to the resulting high load currents in the high-power batteries; however, they are not considered in this
model [170].
The second selected model is the hybrid battery model proposed by the Kim et al. (called “Model 2”)
[170]. In this model a combination of the kinetic battery model (KiBaM) and the electric circuit-based
model proposed by Chen et al. is used to model the non-linear capacity behavior of the battery (the current
rates and the recovery effects) as shown in Figure 5-2.
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Figure 5-2: “Model 2” electric circuit-based battery model [170]
This model shows a better accuracy for the SoC tracking and the runtime prediction. However, the non-
linear relationship between the unavailable capacity estimation and the battery current needs to be added to
the system as shown in (5-3), which increases the complexity of the model. Similar to the first model, the
current rates are assumed to have no effect on the battery parameters. Also, to extract the constant
parameters in KiBaM, a constant continuous discharge (CD) test is necessary, which increases the model
extraction time (the procedure to estimate the values of c and k’ is fully explained in [170] and is beyond
the scope of this chapter).
( ) = ( )
′.( ) + (1 − ) .
1 − ′.( )
′ , < <
( ) ′.( ), < <
(5-3)





( ) + ( ) (5-4)
5.4.2 The proposed battery model
The model proposed in this chapter uses the electrical circuit topology (as shown in Figure 5-3) by
considering the capacity rates and the current rates look-up tables for the battery parameters estimation as
explained below:
1. The model will consider both the impact of the current rates and the SoC using 2-D look-up
tables to estimate the values of the battery parameters.
2. The model will consider the rate capacity effects using a 1-D look-up table extracted from the
battery data sheet.
Figure 5-3 shows the schematic diagram of the proposed model. This model is simple and does not
require additional non-linear capacity rates equations for the SoC tracking and the runtime prediction. The
SoC of the battery can be calculated using (5-5).
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( ) = −
( )
( ) (5-5)
where, C(Ibc(t)) is the battery capacity, which is a function of the battery cell current in A.sec.
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Figure 5-3: The proposed electric circuit-based battery model considering the capacity rates and the
current rates for battery parameters estimation
5.5 Battery Model Extraction
5.5.1 Experimental setup
Li-ion LGHG2 3 Ah
Chroma 63804 electronic load




Figure 5-4: Experimental set up used for battery parameters extraction and testing
The experimental setup is shown in Figure 5-4. As shown, four 3Ah Li-ion LGHG2 battery cells
connected in series. The i-charger 306B is used to charge each battery cell in a constant current constant
voltage mode (CCCV) to make sure that the battery cells are fully charged. A Chroma DC electronic load
63804 with a rating of 4500W, 500V, 45A and the frequency range of 45 ~ 440Hz, DC is used to conduct
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the CD and the pulse discharge (PD) current tests. The Hioki PW3198 power analyzer is used as a data
acquisition device to log the voltage and current data per second. The self-discharge effect is assumed to
be negligible for the Li-ion batteries and all the experiments have been conducted at the room temperature
(25°C) to avoid the temperature effects. All the batteries are brand new and therefore the cycling effect can
be ignored. Table 5-1 shows the characteristics of one battery cell.
Table 5-1: Li-ion LGHG2 battery cell characteristics [171]
Chemistry Li [NiMnCo]/Graphite+SiO
Nominal capacity 3 Ah
Nominal voltage 3.6 V
End of discharge voltage 2 V
End of charge current 50 mA
High voltage protection 4.2 V
Maximum charge current 4 A
Maximum discharge
current
20 A (continued discharge
current)
5.5.2 Parameter extraction
The electric circuit parameters are obtained by fitting the data from the theoretical and the constant PD
test results. In comparison with Model 1 and Model 2, where the batteries parameters are changed only with
the SoC, the battery parameters in the proposed model are the functions of both the SoC and the battery
currents. Four different constant PD tests with different current rates (4.5A (1.5C), 3A (1C), 1.5A (0.5C)
and 1A (0.33C)) with an interval of 10% SoC have been conducted in order to extract the battery parameters
under the different current rates and the SoC, which means that the charging time for each selected current
rate can dissipate 10% of the SoC of the battery. After each pulse, a 30-minutes rest time is considered in
order to identify the correct value of Voc.
Figure 5-5: Experimental battery terminal voltage response under 1C (3A) constant PD current of four
LGHG2 connected in series used for battery parameter extractions
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Figure 5-5 shows the experimental battery terminal voltage response of four LGHG2 batteries connected
in series under 1C (3A) constant PD test.
The PD test including the six minutes discharge equal to a 10% SoC drop followed by the thirty minutes
rest has been zoomed and shown in the subset of Figure 5-5. Voc is the battery terminal voltage at the
equilibrium state, which is represented by v3 in Figure 5-5. When the discharge pulse is finished at tr, the
instantaneous voltage rise (from v1 to v2) is proportional to the battery series resistance, Rs,  and  can  be
calculated as follows:
( , ) =



















Figure 5-6: Flowchart of the parameter estimation procedure
Instead of using the Curve Fitting ToolboxTM (Matlab Cftools) to fit the data with the zero-state response
and the zero-input response equations to extract the R1, R2, C1, and C2 parameters, which is time intensive
and inaccurate, the interactive method used in [172] has been improved from the first-order RC network to
the second-order RC network to be compatible with the proposed electric circuit-based battery model in
Figure 5-3. The proposed model can estimate the battery parameters automatically by comparing the
measured battery terminal voltage response with the simulation results. The difference between the
measured estimated voltages is then used in the Simulink Design Optimization ToolboxTM as an objective
function to modify the battery parameters. Figure 5-6 shows the flowchart of the parameter estimation
procedure.
It should be noted that due to the manufacturing limitation, the cell capacities of the battery cells are
different from each other and therefore the cell equalization can greatly improve the effectiveness of the
charging and discharging process. For the charging purposes, all the batteries were charged using the CCCV
cell balancing charge mode, which can be carried out using the “i-charger 306B”. From the battery data
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sheet (see Table 5-1), the cut-off voltage of 2 volts was considered for each battery cell connected in series
during the discharge process. Thus, the time constraint and the cut-off voltage constraint for each discharge
pulse have been considered to make sure that all four cells are safe during the test. Figure 5-7 shows the
extracted parameters for the four Li-ion LGHG2 3Ah battery cells connected in series under different SoC
values and discharge currents.
Figure 5-7: Extracted battery parameters of a four LGHG2 (3Ah) connected in series under different
discharge currents and SoC values: (a) Voc(SoC, I), (b) Rs(SoC, I), (c) R1(SoC, I), (d) C1(SoC, I), (e)
R2(SoC, I), (f) C2(SoC, I)
In Figure 5-7, except for C1 and C2, the other battery parameters are found to be almost constant under
the different discharge currents for the entire battery’s useful SoC range (i.e. 10% to 100%). For the deep
discharge range of zero to 10%, more discrepancy among all the battery parameters can be observed due to
the unpredictable and complex non-linear behavior of the battery during the low SoC level. Therefore, to
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improve the accuracy of the model for all the parameters, except for Voc, a 2-D look-up tables have been
used in the proposed model. Furthermore, the runtime estimation and the SoC tracking in the proposed
model, which uses a capacity rate evaluation using the look-up table derived from the battery data sheet
provided by the manufacturer, is different compared to the Model 1 (which uses a constant capacity) and
the Model 2 (which uses KiBaM for the non-linear capacity behavior modelling).
To reduce the complexity and to improve the accuracy of the model during the simulation, Voc is defined
as a function of the battery current and the SoC using the Matlab cftool and can be expressed as follows:
( , ) = ( + + − + ). ( . + ) (5-7)
where, the constant values (a1, a2,…, a7) can be extracted by fitting the calculated values of Voc (as shown
in Figure 5-7 (a)) with the polynomial equation expressed above.
5.6 Simulation and Experimental Analysis
5.6.1 Model validation
To validate the effectiveness of each model (Model 1, Model 2, and the proposed model) for the SoC
tracking, the runtime prediction, and the terminal voltage response, the experimental tests under a constant
CD current test (1.5 A), a constant PD current test (1.5 A), a random PD current test, and a combination of
a repeated series of 32 cycles of the New European Driving Cycle-Urban Section have been conducted and
the results are then compared with the simulation results of each model.
Figure 5-8 (a) shows the comparison of the voltage terminal results of the three models under 1.5A
constant PD current. Figure 5-8 (a) shows that the results from the proposed model, Model 1, and Model 2
are very accurate and are close to the experimental data for the battery voltage response prediction. To
analyze the runtime accuracy of each model, the termination time of each model when the terminal battery
voltage reaches 8 V (or 2 V for individual cell), Figure 5-8 (a) has been zoomed and shown in the smaller
box in Figure 5-8 (a). The zoomed section shows that both Model 2 and the proposed model produce almost
the same results, and both are close to the experimental data for the runtime prediction. The runtime error
in Model 1, however, is almost double compared to that from Model 2 and the proposed model as shown
with the data cursors in Figure 5-8 (a).
Figure 5-8 (b) shows the SoC comparison among the Model 1, the Model 2, and the proposed model
under a constant PD current test (1.5A-0.5C). For the SoC comparison, the results obtained from Model 2
have been used as a reference. Figure 5-8 (b) shows that both Model 1 and the proposed model have an
acceptable accuracy for the SoC tracking in comparison with that obtained from Model 2. Furthermore, the
variation of unavailable battery capacity (Cun) using (5-3) in Model 2 with respect to time due to the
recovery effect is shown with the yellow solid line. As can be seen, the unavailable capacity due to the
recovery effect is increased during the PD test and decreased during the rest period.
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Figure 5-8: (a) Battery voltage comparison and (b) estimated Cun in Model 2 and SoC comparison
between simulation results and experimental test result of a constant PD current of 1.5A (0.5C)
Figure 5-9 shows the terminal battery voltage and the SoC estimation (with the unavailable battery
capacity estimation (Cun) under a constant CD current of 1.5 A (0.5C).
The results from the figure (Figure 5-9) verify the effectiveness of the proposed model for tracking the
SoC, the runtime and the battery voltage estimations. The exact results for the runtime prediction of each
model and also the experimental tests are demonstrated with the data cursors in the small box in Figure 5-9
(a).
A random PD current test has also been conducted. Figure 5-10 shows that under the random discharge
current test (Figure 5-10 (a)), all the three models have an acceptable accuracy for the battery voltage
prediction (see Figure 5-10 (b)) which confirms the accuracy of all the three models. For the runtime
prediction, the results from both Model 2 and the proposed model produce accurate runtime prediction,





small box in Figure 5-10 (b).
Figure 5-9: (a) Battery voltage comparison and (b) estimated Cun in Model 2 and SoC comparison




Figure 5-10: (a) Random current profile and (b) battery voltage comparison between simulation results
and experimental test result of a random PD current
Finally, a driving cycle test including a combination of a repeated series of 32 cycles of the (NEDC_US)
has been conducted to show the capability of each model for the SoC and battery cell voltage estimation in
EVs. Figure 5-11 (a) shows the NEDC driving cycle including the Urban Section (US) (a series of 200
seconds) and the Extra Urban Section (EUS) (a series of 400 seconds).
A computer, a USB-GPIB Interface (Agilent 82357B), and a 3311F programmable DC electronic load
with the rating of 60 V, 60 A, 300 W (as shown in Figure 5-11 (b)), were used to perform the test only for
the US driving cycle repeated for 32 cycles followed by a constant CD current of 4.5 A. The CD current
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Figure 5-11: (a) NEDC including Urban Section (US) and Extra Urban Section (EUS) and (b) Equipment





Figure 5-12: (a) Battery voltage comparison and (b) SoC comparison between simulation results and
experimental test result of the NEDC_US followed by constant CD current of 4.5 A
(a)
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Figure 5-12 (a) shows that during the initial cycles from 850 s to 1450 s of the NEDC_US driving cycle
(as shown in the zoomed box), all the three models have demonstrated excellent accuracy for the battery
voltage prediction. However, the discrepancy between the models and the experimental data has been
enlarged as the number of cycles increased. The second zoomed box in Figure 5-12 (a) compares the
runtime prediction of all the models with the actual runtime at the end of the experiment. Again, Model 2
and the proposed model produce accurate runtime prediction, while the result from Model 1 overestimates
the runtime of the battery by 148 s. Figure 5-12 (b) shows the SoC comparison among Model 1, Model 2,
and the proposed model under the NEDC_US driving cycle followed by a constant CD current of 4.5 A.
Again, the results from Model 2 have been used as a reference. Figure 5-12 (b) shows that the proposed
model has a great accuracy for the SoC tracking in comparison with that obtained from Model 2. However,
Model 1 overestimates the battery SoC.
5.6.2 Model comparison
Table 5-2 shows the maximum voltage error and the runtime error in Model 1, Model 2 and the proposed
model.
Table 5-2: Maximum voltage error and runtime error in the Model 1, the Model 2 and the proposed model
Model and test type Runtime error (%) Maximum voltage error (%)
Model 1
PD current (1.5 A) 0.837 0.24
CD current (1.5 A) 2.95 1.01
Random PD current Over estimation 1.38
NEDC_US Over estimation 3.23
Model 2
PD current (1.5 A) 0.377 0.1
CD current (1.5 A) 0.94 0.49
Random PD current 0.038 0.59
NEDC_US 0.49 0.16
Proposed model
PD current (1.5 A) 0.418 0.15
CD current (1.5 A) 1.49 0.79
Random PD current 0.038 0.54
NEDC_US 0.59 0.48
As seen in Table 5-2, the accuracy of the proposed model is similar to that obtained from Model 2. This
demonstrates the effectiveness of the proposed model. It should be noted that in the proposed model, a look-
up table tabulated from the manufacturer battery data sheet has been used instead of using the non-linear
capacity rate equations for the estimation of the recovery effects and the current rates. The non-linear
capacity rate equations require an extra test for the estimation of the constant values (c, k’) in KiBaM as
mentioned in Section 5.4. Moreover, the proposed model accuracy can be improved further by conducting
different constant CD tests to evaluate accurately the battery capacities under different current rates used in
the look-up table and tuning the parameters accordingly. It is noteworthy that all these models alone do not
able to consider the route profile and the environmental factors under real tests with EVs. Therefore, in
order to add this feature to the model, the proposed real-time battery power estimation model in Chapter 3
can be mixed with the battery model.
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5.7 Summary
In this chapter, an electric circuit-based approach for an EV battery model has been proposed to predict
the runtime and the SoC tracking, using look-up tables. The simulation results obtained using the proposed
model were compared with the experimental results of the four Li-ion LGHG2 3Ah battery cells connected
in series, and the proposed model was found to be effective. The results were further compared with those
from two well-known electric circuit-based battery models available in literature. The comparative results
demonstrated that the proposed battery model is comparable to other existing models and can provide
accurately the runtime prediction, the SoC tracking and the response of the battery terminal voltage.
Moreover, the results showed that the proposed model is more suitable for real-time applications compared
to other available methods in the literature due its less complexity and more suitability to use and can
therefore be easily accommodated within the limited computing capability of the vehicular OBUs. In the
next chapter, the implementation of a real-time state-of-charge tracking system (including the battery model
and environmental conditions) that is embedded in the advanced driver assistance system of the EVs will
be provided.
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6 Chapter 6: Real-time State-of-charge Tracking Embedded
in the Advanced Driver Assistance System of Electric
Vehicles
6.1 Foreword
Range anxiety has remained a critical technological bottleneck in EVs. The issue lies in the fact that the
estimation of the EV’s batteries SoC is still inaccurate and unreliable due to the complex and nonlinear
characteristics of the batteries. To tackle the problem, this chapter presents a novel real-time mixed SoC
estimation algorithm for the EV’s lithium-ion batteries for implementation in the ADAS. The mixed
estimation algorithm combines: i) an improved CCM that takes into account the battery state-of-health,
operating temperature, and aging effect, ii) a MBM that represents a real-time recursive structure of the
battery, and iii) a BUBM hat takes into account a variety of the environmental conditions, traffic conditions,
auxiliary loads, and driver’s behavior. To validate the proposed algorithm, two laboratory tests have been
conducted on a Manganese-oxide Li-ion cell of a 2012 Nissan Leaf battery cell. Furthermore, the
effectiveness of the model has been demonstrated by driving the Nissan Leaf along a selected route in
Australia. The results demonstrate great accuracy for the SoC estimation compared to previous models.
6.2 Nomenclature
A Vehicle frontal area (m2).
a(k) Acceleration at segment k (m/s2).
Ahexp(k) Expected battery capacity at segment k (A.h).
Ahc(k) Corrected battery capacity at segment k (A.h).
Ahrated Rated battery capacity (A.h).
Cd Aerodynamic drag coefficient.
ci(k) Estimated integration of current at segment k (A.h).
ci,m(k) Measured integration of current at segment k (A.h).
Cr-dry Dry rolling resistance coefficient.
Cr(k) Effective rolling resistance coefficient at segment k.
Cr-wet Wet rolling resistance coefficient.
dirEV(k) Vehicle direction at segment k (deg).
dirwind(k) Wind direction toward the EV at segment k (deg).
EL Battery terminal voltage minus open circuit voltage (V).
g Gravitational constant (Nm2/kg2).
IB(k) Battery current at segment k (A).
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m Dynamic vehicle weight (vehicle mass plus occupants) (kg).
PAux(k) Necessary auxiliary load power at segment k (W).
PB(k) Battery power at segment k (W).
PBR(k) Braking power at segment k (W).
PCopper(k) Copper losses at segment k (W).
PCore(k) Core losses at segment k (W).
PD(k) Total diode losses at segment k (W).
PL(k) Motor output power at segment k (W).
PM(k) Motor input power at segment k (W).
PQ(k) Total switch losses at segment k (W).
PRB(k) Regenerative braking power at segment k (W).
Prain(k) Probability of rain at segment k.
PT(k) Traction power at segment k (W).
RS Battery series resistance.
R1 Battery resistance (from first RC branch of battery model) (Ω).
R2 Battery resistance (from second RC branch of battery model) (Ω).
C1 Battery capacitance (from first RC branch of battery model) (F).
R2 Battery capacitance (from second RC branch of battery model) (F).
Sd(k) Duration of segment k (s).
SoC(0) Initial battery SoC.
SoCVoC Measured battery SoC from Voc look up table.
TBR Braking torque at segment k (Nm).
v(k) Vehicle speed at segment k (m/s).
Voc Open circuit voltage (V).
vrel(k) Relative vehicle speed at segment k (m/s).
Vt Battery terminal voltage (V).
wL(k) Shaft speed at segment k (rad/s).
wt(k) Wheel speed at segment k (rad/s).
wv(k) Speed of the wind at segment k (m/s).
ρair Air density (kg.m3).
αk Route angle at segment k (degree).
ηM(k) Motor efficiency at segment k.
ηInv(k) Inverter efficiency at segment k.
ηTS Transmission system efficiency.
ηS Drive system efficiency (motor+ inverter).
λC(k) Correction factor for charge/discharge rate at segment k.
λSoH(k) SoH of the cell at segment k.
λT(k) Correction factor for cell temperature at segment k.
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6.3 Background
Global warming, GHGE, and the world energy crisis had brought up the impetus and tremendous
attention of using EVs in the past decade. Limited vehicle range, long recharging time, and safe operation
of the batteries, however, are the main obstacles that inhibited the uptake of EVs into the transportation
market. Many of these issues can be managed by a precise estimation of the batteries SoC. A comprehensive
research study in [4] identifies a variety of barriers that EVs encounter, such as the high price, the driving
range limits, the long recharge time, and the unreliable batteries operation. Among these obstacles, the most
pressing barrier that inhibited the adoption of EVs is the driver’s range anxiety due to the limited driving
range of EVs.
Reducing the drivers’ range anxiety can be achieved by improving the reliability of the driver assistance
system in EVs through the development of a model that can accurately and reliably estimate the SoC.
Improving the SoC estimation model not only reduces the range anxiety but helps drivers to make sensible
decisions on when and where the EV batteries should be charged. Moreover, the controllability of the BMS
can be improved such that over-charging or over-discharging can be avoided. The main challenge to
precisely estimate the SoC estimation is the complex and nonlinear characteristics of the EV’s batteries due
to the internal and the external conditions such as the aging effect, the environmental conditions, the traffic
congestion, the drivers’ behavior, the temperature variations, and the irregular charge/discharge cycles. In
the literature, many research works have been reported on how to improve the accuracy of the SoC
estimation, which can be achieved either through direct measurement or indirect measurement methods.
The direct measurement methods measure directly the SoC of the EV’s physical and chemical attributes
using electrochemical techniques, for example by determining the acid density and the cathodic
galvanostatic [29]. Although these rapid predictions can be obtained using these methods, costly device for
measurements will be required, and in some cases, access to the materials inside the battery while the car
is moving will be needed, which is impossible to achieve.
 The indirect measurement methods, on the other hand, use easily accessed battery variables to estimate
the SoC, such as the voltage, current, and temperature. In this way, models that are offline or online can be
used in the indirect measurement methods. Whilst the models that are used offline are more precise, they
require significant computation time and may require battery performance interruption such as the
impedance spectroscopy methods (ISMs) and the open circuit voltage methods (OCVMs) [33], [34].
Although in some research studies, the ISMs and the OCVMs are categorized as online based estimation
methods [161]; however, the difficulty of the electrochemical IS measurement in the ISMs and the long
relaxation time requirement for the batteries in the OCVMs make these two models unsuitable for the online
SoC estimation.
The models using the online methods are generally economical and dynamic in nature, but to achieve the
desired accuracy, in some models, a significant computational cost is inevitable. Because the vehicular on-
board-unit (OBU) in EVs has limited computing capability, the online models with significant computing
requirements are not suitable for estimating a real-time SoC in the EV applications [158]. Technically, the
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models using the online methods can be divided into three categories based on the governing principle of
each model: (i) the CCMs [173] , [37], (ii) the Artificial Intelligence based methods (AIBMs) [174], [24],
and, (iii) the MBMs [36], [56].
One of the most commonly used method to estimate SoC is the CCM. However, it has the following
drawbacks: (i) the initial SoC must be precise, otherwise it may lead to errors in the final SoC estimation,
(ii) the integration of errors in the battery current measurement can become increasingly significant, and
(iii) the battery capacity due to aging effects and operating conditions need to be continuously calibrated.
The authors in [175] have proposed a recalibration technique to improve the CCM by predicting the Voc
under very fast interruption time. This technique can reduce the initial SoC error effect in the CCM.
The AIBMs such as SVM [45], the FL [176], the ANN [48], and the extreme learning machine (ELM)
[177] can be directly implemented for online application, but they need offline data training. Furthermore,
the noise in the battery current and voltage measurement data, which are inevitable in EV applications, can
greatly affect the accuracy of these algorithms [178].
The MBMs use the data from the current and voltage measurement and the model of the cell to estimate
the battery SoC. These methods are more robust and accurate than the previous models. In [161], the
accuracy of the MBMs has been verified and compared with seven different nonlinear filters such as the
EKF, the unscented Kalman filter (UKF), the square root unscented Kalman filter (SR-UKF), etc. Despite
the accuracy, MBMs require heavy computational effort.
In addition to the heavy computational effort and offline data training requirements, the above mentioned
methods may not be able to accurately predict the SoC at the destination (before and during the trip), since
the route the EV will take and the environmental factors for the selected route are not considered in these
models. Some other research studies, however, have proposed similar principles as the BUBM to predict
the SoC at the destination considering the environmental conditions. However, many assumptions need to
be made in their algorithms which may result in over/under SoC estimation [96], [106]. For example, Vaz
et al. [106] assumed that the road is flat without any slopes, stop signs, or traffic congestion, resulting in an
overestimated SoC.
As explained above, the existing models have their own drawbacks and therefore an effective, efficient
and comprehensive algorithm is necessary to be developed that can accurately estimate the SoC of EV
battery system. Furthermore, such a comprehensive approach should consider most of the critical internal
and external factors that can affect the SoC estimation with real-time capability.
This chapter proposes a new mixed SoC estimation algorithm that can be implemented as an add-on
feature in the current ADAS of the EV. The proposed algorithm uses the BUBM, which helps the model to
predict the SoC, and considers most of the uncertain environmental conditions and drivers’ behavior using
a big-data collection algorithm (BDCA). After data extraction, the mixed estimation algorithm uses a
combination of the methods in CCM and MBM to model the battery in real-time, and predict the battery
SoC, current, and voltage, considering the age of the batteries and the operating conditions. Furthermore,
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the proposed modified CCM includes the recalibration technique for estimating the battery state of health
(SoH), the initial battery SoC and the effective battery capacity to make the model more accurate.
6.4 The Mixed Estimation Algorithm Used in an Advanced Driver
Assistance System
The main task of an ADAS in EVs is to give drivers a high degree of assurance to know whether the
destination is reachable based on the remaining battery SoC. The reliability of the ADAS is crucial for
reducing driver’s range anxiety and building up the driver’s confidence in using the EV especially for long
distances. Figure 6-1 shows the GUI of the ADAS proposed in Chapter 4.
Figure 6-1: An advanced driver assistance system (ADAS)
In the proposed ADAS, additional information, such as the necessary charging time to reach the
destination, a driver alerting system to alert the driver when the critical SoC level is reached, and the most
suitable charging station have also been included. In this chapter, the reliability of the ADAS has been
further improved by adding the proposed new mixed estimation algorithm, which is based on the improved
methods of CCM, MBM and BUBM.
6.4.1 Coulomb counting Method (CCM)
The implementation of the CCM is easy but it requires battery capacity calibration under different
operating conditions to have an acceptable accuracy. Also, any incorrect initial battery capacity information
can have a critical effect on the SoC accuracy over time. Therefore, a recalibration technique for both the
initial battery SoC and the effective battery capacity have been used to improve the conventional CCMs.
To improve the estimation of the expected battery capacity, correction factors of the battery
charging/discharging rates, the battery temperature, and the battery SoH are used.
In the CCM method, as discussed in Chapter 3, the battery SoC can be calculated using (6-1).
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( ) = (0) − ( )/ ℎ ( ) (6-1)
 The expected battery capacity (Ahexp) is the latest cumulative moving average of the total corrected
battery capacity and can be estimated using (6-2). From (6-3), the current integration (ci) based on the
segment duration and the estimated battery current can be calculated. Two correction factors i.e. λC and λT
have been used for the estimation of the corrected battery capacity (Ahc) under different charge-discharge
cycles and operating temperature by interpolating the data in look-up tables. Experimental tests are carried
out to produce the look-up tables.
ℎ ( ) = ℎ ( ) + ℎ ( − 1) /( + 1) (6-2)
( ) = ( − 1) + ( ( ) ( )/3600) (6-3)
ℎ ( ) = ( ) ( ) ( ) ℎ (6-4)
Assuming the initial SoC at full charge is 100%, the ampere-hour removed from the battery as a function
of the battery SoC and the expected battery capacity can be expressed in (6-5) and (6-6):
( ) = ℎ ( )− ( ) / ℎ ( ) (6-5)
( ) = ℎ ( )(1− ) (6-6)
After a long relaxation time, the OCV is an accurate measure for the battery SoC, therefore:
, ( ) = ℎ ( )(1− ) (6-7)
Comparing the ci and ci,m can be used as an indicator for the battery SoH (κSoH) using (6-8).
( ) = ℎ ( )(1 − ) / ℎ ( )(1− ) (6-8)
If both ci and ci,m values are exactly matched, it means that the battery is totally healthy. Otherwise, the
calculated κSoH will be used to correct the battery capacity estimation.
For the initial battery calibration, if the battery is fully charged (the battery voltage reaches the cut-off
voltage), the initial SoC will be set to 100%. For a partial charge/discharge cycle after the rest period, the
SoC-Voc look-up table in the charge/discharge mode tabulated from the experimental analysis is used for
the initial SoC estimation. For a partial charge/discharge cycle without a rest period, the initial SoC will
not be updated and the previous SoC value will be used. The κSoH can correct the assumption of considering
the initial SoC equal to 100% for fully charged battery (i.e., including the aging effect).
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6.4.2 Model Based Method (MBM)
In this chapter, the comprehensive runtime-based battery model proposed by Chen et al. (see Chapter 5)
has been used as a baseline to model the real-time and nonlinear battery behavior in a recursive structure
[165]. It should be noted that the battery model components are SoC dependent as shown in Figure 6-2.
The two parts of the proposed model includes the left-side RC network to track the SoC, predict the
runtime, and estimate the self-discharge energy loss; and the right-side RC network to simulate the current-
voltage response, the sudden voltage drop due to load, and the transient response. Also, the charge/discharge
current is modelled with a current source and the voltage-controlled voltage source is used to track the SoC
as a function of the open-circuit voltage (Voc).
I-V characteristics, Sudden
voltage drop, Transient responseSoC tracking, Run-time estimation


























Figure 6-2: Runtime-based battery model used in the mixed estimation algorithm
As fully discussed in Chapter 5, the Chen battery model is simplified with a constant battery capacity
under different current rates. Furthermore, although the model includes a self-discharge due to energy loss,
this phenomenon is being ignored during the model validation. In this chapter, the left-side of the model
has been replaced by the proposed CCM as explained in Section 6.4.1. Combining both the CCM and the
MBM models will offer a battery model which includes aging effects and internal operating conditions.
To represent the system dynamics of the battery model with two RC networks in the S-domain, the
voltage-current relationship of the battery can be expressed as a transfer function using (6-9) (where s is
the S-domain operator).
( ) = ( ) − ( ) = − ( ) + /(1 + ) + /(1 + ) (6-9)
Rearranging (6-9) into the standard transfer function will ease the discretization and can be expressed as
follows:
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( ) = − ( )[( + + )/( + ′ + ′)] (6-10)
where:







It is necessary to discretize the continuous-time system, since in real-time application, the data is sampled
at discrete times. The bilinear transformation method (s = (2(1-z-1)/T(1+z-1)), can be used to transform the
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(6-12)
Where:
= 4 + (2 + 2 + 1)/
= (2 + 2 + 2 + 2 )
=
Considering k as the discretization step and by replacing EL with Vt(k) - Voc(k), the recursive structure of
(6-11) can be rewritten as follows:
( ) = (1 − − ) ( ) + ( − 1) + ( − 2)
+ ( ) + ( − 1) + ( − 2) (6-13)
In the recursive structure model in (6-13), it is assumed that the change in Voc between the two sample
points is negligible as the sample interval (T) is short i.e. Voc (k)≈ Voc (k-1). From the constant continuous
charge/discharge and the constant pulse charge/discharge tests, the battery parameters (i.e. Voc, Rs, R1, C1,
R2, and C2) can be estimated as a function of the battery SoC. Therefore, the recursive coefficients (a1, a2,
a3, a4, and a5) in (6-13) can be calculated as a function of the battery SoC by simplifying (6-12) and solving
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(6-14)
6.4.3 Bottom-up Based Method (BUBM)
A comprehensive offline BUBM including dynamically varying environmental conditions, traffic
congestion, road surface conditions, and traction system efficiency was initially introduced in Chapter 2.
Despite the accuracy, the model was offline, the accurate estimation of RB power during braking was
ignored, and the battery terminal voltage was assumed to be constant for the entire test. To improve the
model, a real-time BUBM is developed in Chapter 3 including the accurate estimation of the RB power and
the driver’s behavior in addition to other operating conditions. However, the recalibration of the SoH and
the initial SoC have been ignored due to the lack of MBM in the algorithm and a constant battery terminal
voltage has been considered in the model. In this chapter, an accurate estimation of the battery terminal
voltage is introduced to improve the SoC estimation accuracy.
6.4.3.1 Model review
The BUBM uses a backward-looking approach to estimate the necessary battery power. As shown in
Figure 6-3, first, the BDCA collects required route/traffic data using the Google APIs and weather data
using the “Wunderground” weather website with the XML format.
Furthermore, to include the driver’s behavior effect, the charge/discharge history of the battery and the
average energy consumption of the EV for a certain travelled distance (e.g. for the last 50 km (30 miles))
have been logged from the CAN Bus of the EVs. Then, the EV traction/braking power including the
dynamically varying environmental conditions in both the driving and braking modes need to be calculated.
For the traction power calculation, four main elements needs to be considered, such as the
acceleration/deceleration (i.e., power due to drag), the elevation profile of the route (i.e., power due to
elevation), the surface condition and the resistance between the wheels and the surface (i.e., power due to
rolling resistance), and finally the aerodynamic shape of the vehicle (i.e., power due to aerodynamic). In
the BUBM, the route segmentation is used, and each segment contains the starting and ending points. For
the traction/braking power estimation, the latitude and longitude of the start and end points, the probability
of rain, the elevation, the relative vehicle speed with respect to the wind speed and wind direction, and the
effective rolling resistance are considered using (6-15). Afterwards, the calculated traction/braking power,
considering the dynamic system efficiency of the EV, is used to estimate the battery power as shown in (6-
16).
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Figure 6-3: The bottom-up based method (BUBM)
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( ) = ( ) + ( ) ( ) − ( )
( ) = + ( ) −
( ) = ( )/ ( ) + ( ) (6-16)
As shown in (6-16), the total battery power (PB) is equal to the input inverter power plus the power of
the auxiliary loads. Three major auxiliary loads such as the air conditioning system, the windscreen wipers
and the lighting are considered to estimate the remaining battery power.
The EDS (containing the motor efficiency, ηM, and the inverter efficiency, ηInv) are varying along a route,
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and therefore finding a mathematical solution to describe the EDS change with respect to speed and traction
power in real-time can enhance the model accuracy significantly. The mathematical relationships for both
the induction and the synchronous motors have been established and verified in Chapter 2.
By estimating the real-time motor and inverter losses, the EDS, ηs, can be calculated as follows (it is
noteworthy that for switching components in the three-phase inverter, only the conduction and the switching
losses are considered, and for the three-phase motor, the iron and the copper losses are considered):
( ) = . ( ). ( ) (6-17)
where,
( ) =
( )/ ( ) + ( ) + ( ) , ≥ 0
( ) − ( ) + ( ) / ( ), < 0
( ) =
( )/ , ( ) ≥ 0
( ) , ( ) < 0
( ) =
( )/ ( ) + ( ) + ( ) , ≥ 0
( ) − ( ) + ( ) / ( ), < 0
( ) =
( )/ , ( ) ≥ 0
( ) , ( ) < 0
6.4.3.2 Model improvement
In the previous BUBM, as explained in Section 6.4.3, it is assumed that the battery terminal voltage is
constant and equal to the average battery voltage obtained from the battery data sheet. In the proposed
model, however, the estimated battery power from (6-16) and the recursive structure of the MBM from (6-
13) will provide the battery voltage as a function of the battery current as shown in (6-18). It is noteworthy
that the Voc and the recursive coefficients are related to the battery SoC. The previous values for the battery
terminal voltage and the battery current are also independent of the recent values of the battery current.
Therefore, (6-18) can be expressed as in (6-19).
( ) =
( )
( ) = (1 − − ) ( ) + ( − 1) + ( − 2)
            + ( ) + ( − 1) + ( − 2)
(6-18)
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Figure 6-4: Framework of the proposed mixed estimation algorithm
The final model will be a quadratic equation of the battery current, IB(k) and can be evaluated by solving
(6-19). Finally, the calculated battery current will be used in the improved CCM for the SoC prediction.
The proposed mixed estimation model also uses the initial SoC and SoH recalibration technique as
mentioned in Section 6.4.1. Therefore, this information does not need to be collected through the CAN Bus
of the vehicle at the start of each experiment unlike the proposed model in Chapter 3. Figure 6-4 shows the
framework of the proposed mixed estimation algorithm procedure. From Figure 6-4, the BUBM has been
embedded to the CCM and MBM models. This combination uses the advantages of the BUBM to estimate
the battery power in real-time, considering all external factors mentioned in Section 6.4.3. Subsequently,
the battery model from the MBM has been used to estimate the battery voltage as a function of the battery
current in real-time using the recursive structure explained in Section 6.4.2. Having the dynamic battery
terminal voltage as a function of the battery current from MBM and the estimated battery power from the
BUBM can provide an accurate estimation of the battery current.
Using the estimated battery current in the developed CCM, the final SoC estimation will be improved by
considering the battery operating conditions (see Section 6.4.1). The estimation algorithm will be repeated
for the next cycle (i.e. the start point will be updated based on the new vehicle location) until the vehicle
reaches the destination.
6.5 Experiment Setup and Cell Characteristics
The proposed mixed estimation algorithm requires battery parameters to evaluate the recursive
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coefficients. In this chapter, a 31.1 Ah Manganese-oxide Li-ion battery cell removed from a Nissan Leaf
2012 model has been used for the model validation. The battery cell is selected carefully to represent the
Nissan Leaf battery behavior at the cell level, and therefore it can be used for the field test verification.
Figure 6-5 shows the experimental battery test setup for the battery parameter extraction.
Figure 6-5: Experimental battery test setup
The test setup consists of a DSP 30-50-HD programmable DC power supply with the rating of 30 V, 50
A, 1500 W and a 3311F programmable DC electronic load with the rating of 60 V, 60 A, 300 W. The test
setup is connected to a Lenovo Y510 laptop via Agilent 82357B USB-GPIB Interface. The Hioki PW3198
power analyzer was used as a data acquisition device to log the voltage and current data every second.
6.5.1  Cell characteristics
The selected battery cell is a used battery cell removed from a Nissan Leaf 2012 model. Therefore, to
evaluate the effective battery capacity, several capacity tests with three steps have been conducted as
follows:
i) The battery is fully charged in constant current – constant voltage (CC-CV) mode with the
charge current of 1/3C and the cut-off voltage of 4.2V in the CC mode, and the end-of-charge
current of 1/30C in the CV mode [180],
ii) One-hour rest, and
iii) The battery is then discharged with a continuously constant discharge current.
The three-step test was then repeated for a CC discharge rate of 0.3C, 0.5C, 1C, and 1.5C. The measured
battery cell voltage versus the SoC under the different current rates is shown in Figure 6-6 From the tests,
the selected 31.1 Ah Manganese-oxide Li-ion battery cell has similar measured capacities under different
current rates which shows that the Peukert’s effect can be ignored [181]. For safety reason, the cut-off
voltage is considered to be 3.1 V and it is assumed that at this point the SoC of the battery is equal to 0%.
Based on this definition, the actual battery capacity of the 31.1 Ah Manganese-oxide Li-ion battery cell
appears to be approximately 28.66 Ah. The battery cell characteristics are shown in Table 6-1.
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Figure 6-6: Capacity tests under different current rates
6.5.2 Parameter extraction
To extract the parameters of the selected battery cell, various pulse charge and discharge tests were
performed under different current rates using the experimental battery test setup shown in Figure 6-5. Six
PD tests and six pulse charge tests with different current rates (5A, 10A, 15A, 20A, 25A, and 30A) and
with 10% SoC interval were conducted and the battery voltage responses were recorded during the tests
using the Hioki PW3198 power analyzer. The 10% SoC interval means that for each current rate, the pulse
time is designed to discharge (charge) 10% of the battery SoC. Each pulse discharge (charge) is followed
by a thirty-minute rest to measure the battery OCV at each level of SoC.
During the rest period, it is assumed that the Voc values are between the rising and the falling values
during the discharge and charge tests, respectively. Therefore, the average values of Voc for the charge and
discharge pulses after the thirty-minute rest at the same SoC and at the same current rate were recorded.
Figure 6-7 demonstrates the Voc values  with  respect  to  SoC for  different  current  rates.  As  shown in  the
figure, the relationship between Voc and the SoC is fairly linear with a wide range of Voc over the entire
SoC range. Furthermore, the current rates have a negligible effect on the Voc and can be neglected.
Table 6-1: 31.1 AH Manganese-oxide li-ion battery cell characteristics [180]
Type of the battery cell Laminate type
Cathode material LiMn2O4 with LiNiO2
Nominal cell capacity (0.3 C) 31.1 Ah
Average battery cell voltage 3.8 V
End of discharge voltage 3.1 V
End of charge current 1/30 C
High voltage protection 4.2 V
Maximum discharge current 240 A (continuous discharge current)540A (PD current)
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Figure 6-7: Voc versus SoC at different current rates obtained from the tests
To extract the other battery parameters i.e. Rs, R1, C1, R2, and C2, under different pulse discharge/charge
rates, the dynamic MATLAB based model for the 2nd order RC network proposed in Chapter 5 has been
used. Using the proposed MATLAB based model, the results from the simulation of the battery cell voltage
can be interactively compared with the experimental data, from which the battery parameters can be
automatically modified using the parameter estimation tool in the Simulink Design Optimization. This
method can increase the model accuracy and increase the battery parameter extraction speed. Figure 6-8
shows the extracted 31.1 Ah Manganese-oxide Li-ion battery cell parameters of the 2012 Nissan Leaf (for
simplicity, only the extracted parameters during the discharge tests are shown). From the figure, except for
R2 and C2, the other battery cell parameters are almost constant for the entire SoC range under different
discharge current rates (it is also similar during charging).  However, for the battery’s useful SoC range
(i.e. 20% to 80%), all the parameters can be found to be constant under different current rates. Therefore,
the battery model parameters are only dependent on the battery SoC.
(a) (b)
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Figure 6-8: Extracted battery parameters for the 31.1 Ah Manganese-oxide Li-ion battery cell under
different PD currents and SoC values: (a) Rs vs SoC (b) R1 vs SoC (c) C1 vs SoC (d) R2 vs SoC (e) C2 vs
SoC
6.6 Simulation Results and Experimental Analysis
6.6.1 Laboratory test for model verification
The main purpose of this section is to find out how the proposed mixed estimation algorithm (excluding
BUBM) performs under different conditions for battery terminal voltage and battery SoC predictions. To
evaluate the model performance, a constant PD test and a real-time driving cycle test have been performed
using the experimental battery test setup shown in Figure 6-5. For the laboratory test verification, it is not
possible to use the BUBM for estimating the battery power under dynamically varying environmental
conditions. Therefore, the recorded battery current and battery terminal voltage during the test were used
to evaluate the necessary battery power. The measured battery power is then used as an input to the mixed




Figure 6-9 shows the measured battery power (as a result of the constant PD current test (25 A)) which
was used as an input to the mixed estimation algorithm to estimate the constant PD current and the SoC.
Before the test, the battery was fully charged using CCCV mode mentioned in Section 6.5.1, in which the
battery SoC was 100%. As seen in
Figure 6-9, the mixed estimation algorithm can accurately estimate the constant PD current of 25 A from
the measured battery power. During each pulse of the battery power, the pulse time is designed to discharge
the battery equal to 10% of the SoC and hence, the algorithm accurately estimates the battery SoC as shown
in
Figure 6-9.
Figure 6-9: Results of the mixed estimation algorithm under CCPD test (25 A)
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Figure 6-10: Battery cell voltage results under CCPD test (25 A)
Figure 6-10 demonstrates the estimated and the measured battery voltage under constant current pulse
discharge (CCPD) test (25 A). As seen in Figure 6-10, the proposed algorithm accurately estimates the
battery terminal voltage based on the measured battery power signal. The estimated terminal voltage starts
from zero, because the initial condition values in the recursive model (in (6-13)) were considered to be zero.
As shown, the proposed model predicts the battery terminal voltage with great accuracy for the entire SoC
except for the SoC range between 0% - 20%.  The authors believe that since the EV battery has a useful
SoC range between 20% and 100%, the proposed model accuracy is acceptable. The main reason for the
voltage deviation from the measured values for the SoC range of 0% - 20% is that the R2 and C2 values are
dependent on the battery current rates as shown in Figure 6-8.
To further evaluate the mixed estimation algorithm performance under real-time driving cycle, a
selection of the NEDC, that consists of an urban trip (repeated series of 200 seconds) and an extra-urban
trip (series of 400 seconds), has been selected as shown in Figure 6-11. In order to apply the NEDC to the
mixed estimation algorithm, the speed profile was converted to the current profile to simulate the condition
where an EV is being driven on the above speed profile. For this conversion, the parameters of the Nissan
Leaf 2012 (as shown in Table 6-2) were used to estimate the battery current.
Figure 6-11: New European Driving Cycle (NEDC)
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Table 6-2: Nissan Leaf parameters [100]
Parameter Value (Unit)
Empty vehicle weight 1521 (kg)
Cr-dry 0.012





Motor 80 kW Interior Permanent Magnet
Final drive ratio 7.94
Peak torque rating 280 (Nm)
The test is performed at half of the current rate obtained from the part of the NEDC. Nissan Leaf 2012
model consists of 48 modules in series and each module contains two cells in-series and pairs in parallel
and therefore each cell experienced only half of the nominal current rate as shown in Figure 6-12.
Figure 6-12: Nissan leaf battery pack, module, and cell arrangements
Afterwards, to measure the remaining battery capacity, the battery cell was discharged under the constant
continuous discharge current of 30 A until the voltage reaches the cut-off voltage of 3.1 V. The recorded
battery currents and battery terminal voltages during the tests were used to evaluate the necessary battery
power.
A comparison of the estimated and the measured battery cell voltage under 19 NEDC (urban trip) cycles,
is also demonstrated in Figure 6-13. The results with the maximum deviation have been zoomed in the box.
The maximum error of the measured and estimated battery cell voltage is 1.4% which demonstrates the
accuracy of the model even under the real-time driving cycle.
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Figure 6-13: Battery cell voltage results under RCPD test (NEDC)
To demonstrate the model accuracy for the SoC estimation under 19 NEDC (urban trip), the measured
SoC is compared with the estimated SoC using the proposed mixed estimation algorithm and the constant
voltage model (CVM) which is introduced in Chapter 3 (refers to the proposed range indicator system in
Chapter 3). In the CVM model, the average battery cell voltage is assumed to be 3.8 V and considered
constant during the entire test. Therefore, the SoC in the CVM has been estimated using the estimated
battery current from (6-18) i.e. IB = PB / Vt and the CCM using (6-1).
Figure 6-14: Battery cell SoC results under 19 NEDC (urban trip) cycles
Figure 6-14 shows that the proposed algorithm can accurately track the SoC of the battery cell, however
under estimation will be obtained using the CVM. Therefore, estimating the battery voltage is crucial for
an accurate SoC estimation.
Figure 6-14 shows that the final SoC error for the mixed estimation algorithm is approximately 0.15%
and for the CVM is around 1.6%, which demonstrates the superiority of the proposed model. It is important




A 2012 Nissan Leaf has been used and driven along a selected route in Australia to further evaluate the
mixed estimation algorithm performance (including BUBM feature) under actual driving conditions as
shown in Figure 6-15.
Figure 6-15: The selected round trip for the field test verification
The route and the time of the test were selected carefully to include most of the environmental conditions
to test the performance of the BUBM in conjunction with the mixed estimation algorithm. The elevation
profile of the route varies between 3m and 470 m above the sea level and contains a mixture of urban,
suburban, and freeway areas with speed limit range of 40 km/h to 100 km/h. The round trip with a total
distance of 49 km is selected to provide both uphill (towards Cordeaux Dam) and downhill (towards
Innovation Campus) driving conditions.
The Nissan Leaf was equipped with the ELM 327 OBDII wireless interface to transfer all the necessary
measured data to the Leaf Spy Pro software installed in a smart phone. During the test, the ADAS proposed
by the authors has been tested using a Lenovo Y510 laptop. Figure 6-16 shows the field test setup and the
Nissan Leaf 2012 model used to conduct the test.
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Figure 6-16: Field test setup
The ADAS shows all the necessary information such as the environmental conditions, the traffic
conditions, the SoC, the RR, and the dynamic EDS in real-time. Furthermore, to demonstrate the innovation
of the model, both highly accurate mixed estimation algorithm and CVM have been included in the ADAS
to record the data and to compare the results with the measured values. Both models use the BUBM to
estimate the battery power. The main differences between the two models are as follows:
i) In the CVM model, the battery voltage is considered constant along the route, but the mixed
estimation algorithm estimates the battery voltage in real-time using the mixture of BUBM and
MBM;
ii) The CCM in mixed estimation algorithm uses the SoH and initial SoC recalibration techniques,
and therefore (unlike the CVM) this information is not required from the Leaf Spy Pro software
at the beginning of the test.
The Leaf Spy Pro software can provide the battery voltage of each individual cell, the battery pack
voltage, and the average battery cell voltage. Figure 6-17 shows the average battery cell voltage comparison
among the measured, the CVM, and the mixed estimation algorithm. Figure 6-17 shows the results from
the CVM with a constant nominal battery cell voltage of 3.8 V for the entire test. The mixed estimation
algorithm, however, shows the estimated battery cell voltage in real-time with the maximum error of 0.5%
at the destination compare to the measured values. At the beginning of the test, more deviation exists due
to the initial condition of the recursive coefficients.
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Figure 6-17: The average battery cell voltage comparison
Figure 6-18 shows the measured battery pack voltage and the maximum cell to cell imbalance for the
entire route. Figure 6-18 shows that the maximum deviation recorded after 15.47 km is 77 mV. The average
deviation for the entire route is 39.33 mV, which has negligible effect on the final SoC estimation.
Therefore, in this chapter, the cell to cell imbalance effect has been ignored to reduce the complexity of the
model due to the limited computing capability of the OBU.
Figure 6-18: The measured battery pack voltage and the maximum cell to cell imbalance for the entire
route
Figure 6-19: The battery cell current estimation comparison
The battery cell current estimation comparison is shown in Figure 6-19. Figure 6-19 shows that the mixed
estimation algorithm tracks the measured battery cell current with an acceptable accuracy using the
combination of the MBM and the BUBM. As expected, more battery current deviation exists in the CVM
in comparison with the mixed estimation algorithm values. The reason lies in the fact that the CVM model
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only considers the change of environmental conditions in the BUBM to estimate the battery power and the
battery model for evaluating the voltage response is being ignored.
The SoC comparison obtained from the measured SoC, the proposed MSEA, and the CVM is shown in
Figure 6-20. For the field test, the measured SoC is obtained using the Leaf Spy Pro software connected to
the vehicle via its CAN Bus and recorded during the test.
Figure 6-20: The SoC comparison among the measured SoC, estimated SoC using mixed estimation
algorithm, and estimated SoC using CVM
Although the CVM has a great accuracy for SoC estimation with the final value of approximately 50.75%
compared to the measured value of 51.92% (since both CVM and mixed estimation algorithm uses the
environmental conditions and the driver’s behavior in their algorithms), the proposed mixed estimation
algorithm not only provides better final SoC estimation (which is 51.85 % for this test) at the destination
but also provides a better SoC tracking for the entire route. The accuracy will be much higher if the model
is compared with the traditional models available in the literature where the environmental conditions and
driver’s behavior have been ignored.
The initial SoC calibration technique in the mixed estimation algorithm accurately estimates the initial
battery SoC as shown in the zoomed smaller box in Figure 6-20. The Leaf was partially charged up to
almost 89% and left for rest for about two hours. As explained in Section 6.4.1, the calibration technique
properly uses the SoC - Voc look-up table in the charge mode to estimate the initial SoC estimation. The
dashed-lines hatched area between the measured SoC and estimated SoC using mixed estimation algorithm
in Figure 6-20 shows the maximum deviation that occurred during the uphill driving along the route. This
deviation is obtained from the worst-case scenario consideration in the BUBM for the traffic congestion
and for the efficiency analysis (loss calculation).
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Figure 6-21: The SoC comparison between the measured SoC and estimated SoC using different methods
Figure 6-21 shows the effectiveness of the proposed MSEA in comparison with the traditional methods,
discussed in the Introduction, with SoC prediction capabilities but without considering most of the
environmental factors. As shown in Figure 6-21, the measured SoC is compared with those obtained from
the estimated SoC considering all the environmental factors (MSEA), the estimated SoC ignoring the
elevation profile of the route, the estimated SoC ignoring the effect of the wind speed and the wind direction
on vehicles speed, and the estimated SoC ignoring the effect of the driver’s behavior.
Figure 6-21 shows that the most important environmental factor is the elevation profile of the route. The
error of the SoC at the destination ignoring the elevation (with the final SoC value of 76.15%) is almost
46.7%. The overestimation is almost double compared to the actual SoC value which clearly shows the
importance of including the elevation profile of the route. Ignoring the wind speed/direction and the driver’s
behavior has also resulted in an overestimation with the final SoC value of 73.22% and 58.46%,
respectively.
The final comparison shows the necessity of including the environmental factors or BUBM for an
accurate SoC estimation. It is important to note that, most of the online models, discussed in the
Introduction, have only been verified through laboratory tests, in which the environmental factors cannot
be considered or the model itself cannot predict the SoC based on the route characteristics. Therefore, there
is a significant need of using mixed models, such as the proposed MSEA, to include the environmental
factors in the current SoC estimation methods.
6.7 Summary
This chapter proposed a comprehensive model of a real-time mixed SoC estimation algorithm, which
was a mixed of an improved CCM, a MBM, and a BUBM, for implementation in an ADAS of the EVs.
The BUBM predicted the battery power considering external parameters, such as the traveling factors, the
environmental factors, the vehicle factors, the traffic congestion factor, and the driver’s behavior factor.
Subsequently, the CCM and the MBM were used to predict the battery current, the battery voltage, and
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finally the battery SoC in real-time, considering internal factors, such as the irregular charge/discharge
cycles, the degradation conditions, the battery temperature, and the battery SoH. Two experimental tests
including the laboratory test and the field test have been conducted to verify the effectiveness and the
accuracy of the model. The results were then compared with those obtained from the CVM and the
measured data form the Leaf SPY Pro software. The proposed model showed a great accuracy in estimating
the battery terminal voltage, the battery current, and the battery SoC. The proposed mixed estimation
algorithm can be easily embedded in an ADAS in EVs due to the algorithm simplicity while having a very
good accuracy. In the next chapter, the implementation of a new mixed SoC estimation algorithm with the
capability of battery model parameters estimation using the combination of the proposed models in the
previous chapters with a PAFFRLS model will be introduced and discussed.
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7 Chapter 7:
This Chapter is temporary unavailable due to publication restriction and has been removed from the
thesis.
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8 Chapter 8: Conclusion and Future Work
8.1 Conclusion
In this thesis, the most economical and practical methods to improve the ADAS have been developed.
Initially, an offline SoC estimation model has been developed by including dynamically varying
environmental conditions and drive system efficiency. In the next step, a new real-time range indicator
model is developed and implemented using online environmental data from various internet resources to
estimate accurately the real-time SoC and the RR for the EV while it is on the road. The real interaction
between the braking and the RR to destination is proposed which can effectively estimate the RB power
during braking. Then, a novel intelligent driver alerting system capable of using the real-time range
indicator system to alert the driver when charging is deemed required for the selected route is proposed.
Finally, two different combinations of all the proposed models for the improvement of the remaining SoC
or remaining range in EVs along with accurate battery models have been included as an add-on feature in
the ADAS called “Mixed Estimation Algorithm”.
Chapter 1 provides a background of the problems that has been particularly focused in this thesis and
identifies the objectives and specific contributions in the context of the problems.
Chapter 2 presents an accurate SoC model for EVs. The net battery energy usage was accurately
estimated, taking into account the dynamic losses and efficiency of the traction system along the specified
route, including all environmental and behavioral factors. The traction system efficiency varies throughout
the route and was found to be 84% on average. The SoC calculation also takes into account the auxiliary
loads, such as the windscreen wipers, the air conditioning power, and the lighting, and was found to be
more accurate than any of the previously reported methods, with only 0.5% difference between the
estimated and measured value at the destination.
In Chapter 3, a real-time range indicator system is proposed and demonstrated, which considers the
dynamically varying environmental conditions. A new strategy is used to collect all the necessary data from
different sources in real-time via the internet, which are then used as inputs in the range indicator model
along with the accurate and sensorless estimation of RB power. For the efficiency analysis, both
synchronous machines and induction machines, were considered, as they are used in most commercially
available EVs. Finally, the proposed real-time range indicator model was tested to calculate the SoC and
RR when driven along a route. The results show that the proposed estimation method is much more accurate
than the previous models which did not take into account environmental conditions, elevation profile, and
the RB capabilities of the EV along the specified route. Using the improved algorithm, the difference
between the final values of the SoC and RR obtained from the actual measurement and those obtained from
the proposed real-time range indicator system was found to be less than 1%.
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In Chapter 4, an intelligent recharge alerting system using the real-time range indicator system is
introduced. The intelligent algorithm and a proposed GUI platform are used in this model to alert the driver
the need to recharge once the SoC level drops below a certain threshold. The charging recommendation
algorithm can show the nearest charging locations with their names, addresses and GPS coordinates. This
algorithm also calculates the minimum charging time required at the charging station to reach the
destination. The proposed system can enhance the use of EVs by reducing range anxiety and reduce the
necessary charging time along a route. The proposed algorithm also helps the driver to travel over a longer
distance without the possibility of being stranded by a depleted electric battery.
In  Chapter  5,  an  electric  circuit-based  approach  for  an  EV  battery  model  is  proposed  to  predict  the
runtime and the SoC tracking, using look-up tables. The simulation results obtained using the proposed
model are compared with the experimental results of the four Li-ion LGHG2 3Ah battery cells connected
in series, and the proposed model is found to be effective. The results are further compared with those from
two well-known electric circuit-based battery models available in literature. The comparative results
demonstrate that the proposed battery model is comparable to other existing models and can provide
accurately the runtime prediction, the SoC tracking and the response of the battery terminal voltage.
Moreover, the results show that the proposed model is more suitable for real-time applications compared
to other available methods in the literature due its less complexity and more suitability to use and can
therefore be easily accommodated within the limited computing capability of the vehicular on-board units
(OBUs).
Chapter 6 proposes a real-time mixed SoC estimation algorithm, which is a mixture of an improved
CCM, a  MBM, and a  BUBM, for  implementation  in  an  ADAS of  the  EVs.  The  BUBM can predict  the
battery power considering external parameters introduced in Chapter 2 to 4. Subsequently, the CCM and
the MBM are used to predict the battery current, the battery voltage, and finally the battery SoC in real-
time, considering internal factors introduced in chapter 5, such as the irregular charge/discharge cycles, the
degradation conditions, the battery temperature, and the battery state of SoH. Two experimental tests
including the laboratory test and the field test have been conducted to verify the effectiveness and the
accuracy of the model. The results are then compared with those obtained from the CVM and the measured
data form the Leaf SPY Pro software. The proposed model shows a great accuracy in estimating the battery
terminal voltage, the battery current, and the battery SoC. The proposed mixed estimation algorithm can be
easily embedded in an ADAS in EVs due to simplicity of the algorithm while having a very good accuracy.
Chapter 7, is temporary unavailable due to publication restriction and has been removed from the thesis.
8.2 Future Work
The accuracy of the range indicator system in EVs can be further developed in many aspects. The author
believes that the key factors such as simplicity, accuracy, and affordability should always be the main
constraints on the final design. The work that has been done in this thesis can be extended and continued in
the following recommended areas:
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I. Comprehensive sensitivity studies can be performed in order to analyze the most important
factors affecting the driving range and removing insignificant parameters from the range
estimation algorithm for simplicity. The main aim is to reduce the number of variables used for
predicting the available vehicle range to implement the model in real EVs in large scale.
II. The range indicator system in Chapter 3 can be further improved by analyzing the RB power
estimation performance for rare road conditions with very low terrain adhesion coefficients such
as ice. In that case, the model can be verified under all environmental conditions.
III. For the driver alerting system proposed in Chapter 4, it is envisaged that the system can also
automatically detect if the recommended charging station is available or not. In the case of
availability, a method of enabling interaction between the driver and the charging station operator
can be provided to reserve the charging point. If all the available charging points have already
been reserved, then the ADAS can search and nominate another nearby charging station that is
available for driver. Also, the driver’s history of using the charging station can be used as a point
factor for the priority selection by the charging station in the case where multiple requests from
multiple drivers have been sent at the same time. Using these methods, those drivers cancelling
already accepted charging point will be penalized for the next charging request.
IV. The ADAS can be further improved by adding more features such as recommendations to the
drivers about the information of the electricity market (considering different cost to different
periods of the day), make the reservation for a charging point, give updates on the availability of
parking spaces for the selected locations, taking into account the public transportations and car
or bike sharing systems.
V. Furthermore, a vehicle-to-vehicle (V2V) and vehicle-to-infrastructure (V2I) communication
platforms can be included. Through V2V interactions, the EVs are able to share their route-
selection experiences, gathering more knowledge and enriching their exploitable records. The
V2I communication allows sharing of the gathered experiences with the management
infrastructure, enabling efficient Fleet Management, which is particularly important for electric
bus fleets (or any other types of EV fleets).
VI. The battery models in the final mixed estimation algorithms in Chapter 6 and 7 can be further
improved by including the cell-to-cell imbalance effects. Intrinsic imbalances between individual
cells, the connections between them, and the cooling method (temperature monitoring) of the
battery can be modeled in the range estimation model for further accurate prediction of the battery
pack behavior.
VII. The crash warning / avoidance or level 1 and 2 automation can be added to the proposed ADAS
as an add-on feature. The proposed ADAS in this thesis can be used as a baseline to develop the
V2D (vehicle to driver) capabilities of the electric vehicles. Therefore, the future autonomous
vehicles and the intelligent transport systems can benefit the proposed platform.
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VIII. The proposed mixed estimation algorithms in Chapters 6 and 7 can be used as the baseline for
other accurate online SoC estimation methods such as AIBMs and MBMs. The current methods
in the literature may not be able to accurately predict the SoC at the destination (before and during
the trip), since the route the EV will take and the travelling factors and environmental conditions
for the selected route are not considered in these models. These models use the current value of
SoC (not the predicted one at the destination) by measuring the bus current and cell voltage.
However, the proposed mixed estimation models can update the driver with the final value of the
SoC at the destination by combining the above-mentioned models and taking into account many
important factors, which can reduce the range anxiety.
IX. Adding the capability of SoC prediction before and during the trip using the baseline models
proposed in Chapters 6 and 7 can provide a great opportunity for researchers to compare all the
current existing online SoC models in terms of accuracy, complexity, and affordability for the
implementation in EVs.
X. With the development of the ADAS capability in EVs which depends on vehicles, sensors,
humans, road infrastructure, charging stations, and the communication system, cyber security in
EVs can be a challenging task in the future. Therefore, standards and guidelines are necessary to
be developed to handle this complex issue, which can be explored in the future.
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